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Abstract
Heating, Ventilation, and Air Conditioning (HVAC) systems are responsible for a substantial
share of the energy consumed in commercial buildings. Energy used by HVAC systems has
increased over the years due to its broader application in response to the growing demand for
better thermal comfort within the built environment. While existing case studies demonstrate
the energy saving potential of efficient HVAC operation, there is a lack of studies quantifying
energy savings from optimal operation of HVAC systems when considering indoor
environmental conditions. This research aims to improve the performance of HVAC systems
by optimizing its energy consumption without compromising indoor environmental conditions.
The concept of maintaining indoor environmental conditions poses new challenges to the
optimal operation of HVAC systems. While the primary objective of ensuring optimal
operation is to minimize energy consumption, controlling the indoor environmental
parameters, e.g., temperature, humidity, the level of carbon dioxide (CO2), and volatile organic
compounds (VOCs) to remain within the acceptable range imposes excess energy use. These
two conflicting objectives constitute a multi-variable constrained optimization problem that
has been solved using a particle swarm algorithm (PSO).
A real-time predictive model has been developed for individual indoor environmental
parameters and HVAC energy consumption using Nonlinear Autoregressive Exogenous
(NARX) neural network (NN). During model development, efforts have been paid to optimize
the performance of the model in terms of complexity, prediction results, and ease of application
to a real system. The proposed predictive models are then optimized to provide an optimal
control setting for HVAC systems taking into account seasonal variations. An extensive case
study analysis has been performed in a real commercial building to demonstrate the
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effectiveness of developing predictive models and evaluating the relevance of integrating
indoor air quality (IAQ) within the optimization problem.
Results show that it is possible to minimize 7.8% energy consumption from HVAC systems
without compromising indoor environmental conditions. This study demonstrates that the
proposed optimal control settings maintain the indoor environment within the acceptable limit
of thermal comfort conditions (indoor air temperature between 19.60 to 28.20C and indoor air
humidity between 30 to 65 %RH as per ASHRAE Standard 55-2017) and air quality (CO2 ≤
800 ppm and VOC ≤ 1000ppm as per Australian Standard AS 1668.2 2016). The outcomes of
this research will act as a guideline for energy management practices, not only for energy
efficient building design and retrofitting but also for building energy performance analysis.
This research provides insight into the aspects that affect the performance of predictive models
for indoor temperature. The proposed feature selection approach establishes its efficacy to
determine salient and independent input parameters without compromising prediction
performance. The application of this approach will minimize the measurement and data storing
cost of variables. Further, using fewer numbers of input parameters in the model will reduce
the computational cost and time. Thus, the proposed model establishes its applicability in a
real system for a more extended period of advanced prediction. In addition, the need to better
account for building-occupant interactions as an important step to maintain a healthy indoor
environment has been recognized through evaluating a real-life demand control (DCV) system.
Lastly, the proposed optimization approach, where four defined environmental parameters are
considered simultaneously presents a new outlook within the HVAC control system by
eliminating the unseen interface between thermal comfort and IAQ.
Overall, this unexploited potential to simultaneously improve the performance of HVAC
systems and indoor environmental conditions drives the discussion on reconsidering the set-
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point configuration standards of HVAC in commercial buildings, either as part of individual
building retrofit planning or as part of building regulatory applications.
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Chapter 1
Introduction
1.1.

Background

Building sectors account for about 40% of the total primary energy resources around the world
[1-3] and 30% of worldwide CO2 concentrations [2]. Energy used by the building sector has
increased over the years due to rising population of the world, raised standards of living and
expectations and increasing urbanization rates [4]. Among various energy consuming
equipment used in the building sector, heating, ventilation and air-conditioning systems
(HVAC) constitute a major share of a building’s total energy consumption. According to
Building Energy Data Book [5], HVAC systems are responsible for 40% of total primary
energy used by the commercial buildings1. Due to the broader application of HVAC systems
in response to the growing demand for better thermal comfort within the built environment,
energy used by the HVAC system has increased over the years. A report presented by IPCC
[6] shows that HVAC energy demand is expected to increase by 83% in 2050 from a 2010
reference baseline energy consumption. Therefore, improvement in HVAC energy efficiency
is necessary from the perspective of energy savings. However, there lies a conflict here as
HVAC systems are largely responsible for providing an inviting and productive environment
for the occupants achieved by maintaining acceptable indoor thermal comfort and air quality
levels.
The challenge of maintaining a healthy indoor environment has become crucial now-a-days
considering the building occupants’ amount of time spent indoors which is 90% of their total
time [7, 8]. Moreover, controlling IAQ from the perspective of health impact poses a new

1

Commercial buildings are buildings that are used for commercial purposes, and include office buildings,
warehouses, retail buildings etc.
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challenge to HVAC systems and imposes excess energy use. In this regard, optimal control of
HVAC systems is needed that can balance between energy usage and indoor environmental
conditions.
1.2.

Motivation

Advances in HVAC control technology and implementation of such mechanisms has kept
abreast of the growing expectations of human beings. Our perception with regard to indoor
environmental conditions is becoming more sophisticated. Whilst over the past few decades
maintaining thermal comfort was the only goal set by the building energy management
personnel when considering optimal energy consumption, the issue of a healthy IAQ is a
relatively recent addition to this optimization problem. The advent of considering IAQ within
the HVAC control system is apparent in current research studies even though substantial
improvements are needed to realise the full benefit from IAQ considerations. The problems
hindering the existing simplified and modernised HVAC control system performing according
to their design intent include establishing the mapping between input and output variables of a
HVAC system, difficulty in dealing with various HVAC design problems due to discrete, nonlinear and highly constrained characteristics of the parameters and the unsuitability of real time
application. To address these issues,
it is necessary to critically review the current modelling techniques used in HVAC systems
regarding their applicability and ease of use in practice. This can assist in identifying the
strengths, weaknesses, applications and performance of these modelling techniques and guide
in selecting the most suitable modelling technique for the HVAC applications dependent on
the objective of the research study or available facility.
In addition, it is necessary to get a deep insight into the operational and control strategy of the
HVAC system concerned through collecting building specific information and gathering
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information about the operation, maintenance and upgrade history of the considered energy
management facility. This can guide in exploring the actual energy scenario of the building in
relation to the existing HVAC system. The problems existing within the system and the
opportunities for further upgrade paths that are both technologically feasible and economically
sustainable can be revealed through this case study. More importantly examining the energy
efficiency improvement potentials of HVAC systems from the perspective of real world HVAC
systems can assist in setting the tasks for further upgrades. Therefore, a definite framework is
required to be established within which the case study analysis can be carried out enabling the
pathways for improving the performance of the HVAC system in near future.
It is evident from existing research studies e.g., [9-15] that indoor environment conditions
largely depend on its control system and optimization parameters. It is far more sustainable and
cost effective to improve the control algorithms to achieve higher efficiency than replacing
HVAC equipment with more efficient modern technologies [16]. Improving the system control
algorithm, mandates accurate modelling of the system and implementation of best-suited
optimization techniques [17].
Different control methods can be used for controlling the building indoor environment. Of the
different control strategies the model predictive control (MPC) strategy has been found as an
effective way to deal with model uncertainties and disturbances [18]. This strategy is used to
design sequences of control inputs to optimize an objective function considering defined and
forced constraints. The controller uses the model of the system, system inputs, and disturbances
(e.g. outdoor weather, occupancy, solar gain, etc.) to predict future states (e.g. indoor
temperature) which ultimately determines the most efficient control action [19, 20]. In
particular, for commercial buildings which comprise a network of large numbers of sensors
and VAV boxes, MPC shows its effectiveness in controlling the building indoor environment.
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Despite this strategy not being new, its application in controlling a commercial buildings’
indoor environment is relatively recent. As reported by Mirakhorli and Dong [18] MPC could
be more applicable and popular in the real systems if its high computational cost could be
reduced to some extent. In this regard, the performance and complexity of the developed
predictive models hold prime importance. It is confirmed by Kim, et al. [21] that there is a need
to focus on optimum predictive models for indoor environmental parameters in terms of
complexity, prediction results and ease of application to a real system. Additionally, it is
necessary to develop a systematic approach to develop and evaluate the model for greater
benefits.
1.3.

Research Gaps and Research Questions

A good number of past studies e.g., [22-27] concentrated on modelling and optimizing HVAC
energy consumption where in most cases thermal comfort implications are less prioritized.
Further, the influence of climatic period on model performance has rarely been considered in
past studies. A very few studies e.g., [28, 29] took into account IAQ in addition to thermal
comfort conditions while providing optimal control setting for HVAC energy consumption.
Yu, et al. [29] proposed a real-time HVAC control algorithm based on the framework of
Lyapunov optimization techniques (LOT) to minimize the sum of HVAC energy cost and
thermal discomfort cost without violating the constraints of indoor temperature and IAQ.
However, the constraint of indoor relative humidity and its relationship with indoor
temperature were overlooked in this study. Also, in this study CO2 has been considered as the
indicator of IAQ. Similarly, in [28] CO2 level has been considered as the sole indicator of IAQ
while optimizing HVAC energy consumption. However, Berglund, et al. [30] reported that the
total quality concentrations of VOCs in indoor air can better evaluate IAQ and can be
considered as an important index for assessing the air quality [31]. The effect of high VOC
concentrations on occupants’ health has been revealed by multiple studies e.g. [32-36].
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Therefore, it is necessary to initiate indoor VOC concentration monitoring practices along with
a controlling strategy for indoor CO2 concentrations to provide an optimal control setting for
maintaining IAQ. In that regard, a deep insight into the performance of a typical variable-airvolume air handling unit system is needed through setting up real-time dynamic scenarios and
investigating those scenarios in the context of indoor environment where both carbon dioxide
(CO2) and volatile organic compound (VOC) concentrations are linked.
Overall, it is necessary to ensure an optimal control of HVAC systems employing state-of-the
art modelling and optimization technique that can address the stated concurrent research gaps
in HVAC control system.
Based on aforementioned discussion, this research aims to address the following research
questions:
•

What are the roles, application, strengths and weaknesses of different modelling
methods used in HVAC system control system?

•

What are the major performance criteria of these modelling techniques and how these
performance criteria can help in selecting the suitable modelling technique based on
field of application?

•

How to assess the energy efficiency improvement potentials of HVAC system from the
perspective of real-world HVAC systems?

•

What are the aspects that need to be considered for developing an accurate predictive
model for indoor environmental parameters such as air temperature and how the
performance of the model can be optimized?

•

How the performance of a typical variable-air-volume air handling unit system varies
under different operating conditions from the perspective of indoor air quality?
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•

To what extent indoor environmental conditions (defined by indoor air temperature,
relative humidity, CO2 concentration and VOC concentration) influence HVAC energy
consumption?

•

How can this energy consumption be optimized without compromising indoor
environmental conditions?

1.4.

Aim and Objective of the Research

To address the above research questions, this research aims to develop an optimal control
strategy for HVAC system that optimizes energy consumption while maintaining the thermal
comfort level and healthy indoor environment.
In order to fulfil the specific aims of this research the following objectives need to be addressed:
1. Identify the strengths, weaknesses, applications and performance of existing modelling
techniques used in real world HVAC systems
2. Assess the energy efficiency improvement potentials of HVAC system from the perspective
of real-world HVAC systems by comparing a traditional commercial building’s existing
facilities with available sustainable technologies.
3. Investigate the need for developing an accurate predictive model for indoor temperature
and build the model to serve the purpose.
4. Evaluate the performance of a typical variable-air-volume air handling unit system under
different operating conditions from the perspective of indoor air quality.
5. Define the indoor environmental parameters and optimize the energy consumption through
closely monitoring and controlling the indoor environmental parameters in accordance with
relevant standards.
1.5.

Methodology
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This research suggests a methodological approach as shown in Figure 1 to address the defined
objectives of this research.

Identify Research
Gap

Contextual Literature Survey

Find Motivation, Set Objectives and Follow Research
Questions

Study the Modelling Techniques used in HVAC
Systems

Objective 1 (Addressed in Chapter 2 – Paper title:
Modeling techniques used in building HVAC control
systems: A review)

Perform a Case Study Analysis to Assess the Energy
Efficiency Improvement Potentials of HVAC System

Objective 2 (Addressed in Chapter 3 – Paper title:
Technological Advancement of Energy Management
Facility of Institutional Buildings: A Case Study)

Investigate the Need and Develop the Predictive
Model for Indoor Temperature

Objective 3 (Addressed in Chapter 4 – Paper 1 title:
Prediction of Indoor Temperature in an Institutional
Building
Paper 2 title: Real-time prediction model for indoor
temperature in a commercial building)

Evaluate the Performance of a Real-life Demand
Controlled Ventilation from the Perspective of Indoor
Air Quality

Objective 4 (Addressed in Chapter 5 – Paper title:
Evaluation of Real-life Demand Control Ventilation
from the Perception of IAQ with Probable Implications)

Define the Indoor Environmental Parameters and
Optimize Energy Consumption without
Compromising Indoor Environmental Conditions

Objective 5 (Addressed in Chapter 6 – Paper 1 title:
Tuning Approach of Dynamic Control Strategy of
Temperature Set-point for Existing Commercial
Buildings
Paper 2 title: Predictive Modelling and Optimization of
HVAC systems using Neural Network and Particle
Swarm Optimization Algorithm)

Performance Improvement of Building Heating,
Cooling and Ventilation System

Figure 1: Flowchart of the methodological approach of the thesis
The research starts with identifying the research gap in the concerned area. An extensive
contextual literature survey has been performed afterwards to find the motivation. Accordingly,
research aim and objectives are set. In the next step, modelling techniques used in HVAC
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systems are studied to identify the strengths, weaknesses, applications, and performance of
these modelling techniques. To address the 3rd and 5th objectives of this research this study
acted as a guideline to select the best-suited modelling technique on the way to improve the
performance of the HVAC system. Next, a case study analysis has been performed on a real
commercial building to assess the energy efficiency improvement potentials from the
perspective of real-world HVAC systems. This step led to the subsequent steps addressing the
following objectives of this research. The need for an accurate well-performed predictive
model for indoor temperature has been investigated in this step to control the indoor
temperature set-point and model was developed taking into account major contributing aspects
affecting the performance of the model. The next research step comprises evaluating the
performance of a real-life demand-controlled ventilation system from the perspective of indoor
air quality. This step provides an in-depth insight into indoor air quality and studies its
relationship with Air Handling Unit (AHU) energy consumption in the context of real-time
dynamic ventilation scenarios. The indoor environmental parameters are defined in the final
step which informed the direction in which to develop a state-of-the-art modelling and
optimization approach that optimizes the energy consumption through closely monitoring and
controlling the indoor environmental parameters in accordance with relevant standards. Thus,
the ultimate aim of this research which is performance improvement of building heating,
cooling and ventilation system, is achieved.
1.6.

Scope and Limitation of the Research

The scope of this research includes performance improvement of an existing HVAC system
through improving the system control algorithm. Replacing HVAC equipment with more
efficient modern technologies is an alternate way to improve the performance of current HVAC
systems, which is beyond the scope of this research. Also, building envelope refurbishment
technologies are not considered in this research. The contribution of this research is limited to
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developing an optimal control strategy for an existing HVAC system that optimizes energy
consumption while maintaining the thermal comfort level and a healthy indoor environment.
This research considered a real commercial building as the case building since building
automation and HVAC control systems comprising of a complex network of large numbers of
sensors and VAV boxes are commonplace in commercial buildings. However, the same
approach as discussed in this research could be implemented in a residential building with
necessary adjustments to its control strategy based on the HVAC infrastructure present.
This research focused on evaluating real-life DCV systems in existing commercial buildings
where it’s assumed that all sensors have been calibrated. The issue of improper calibration of
CO2 and VOC sensors and the resulting effect of the poor accuracy of the recorded sensor data
have not been considered by this research.
Throughout the model development and optimization process, this research uses real timeseries data which reflects a real-world situation comprising unseen complexities arising within
the HVAC system. Necessary model validation has been performed using different sets of data
and results are compared with observed values. The real-time predictive models of the
discussed parameters are then optimized to provide an optimal control setting for HVAC
systems taking into account seasonal variations.
Due to limited time and seasonal constraint, the proposed validated optimal control setting for
HVAC systems could not be implemented in the real system.
1.7.

Structure of the Thesis

This thesis has been prepared and presented as per Thesis by Publications/Manuscripts
guideline defined by Murdoch University’s Graduate Research Office.
Chapter 1 includes a general background, motivation of this research, research questions, aim
and objectives, methodology, and scope of the study.
9

Chapter 2 comprises a review journal titled “Modeling techniques used in building HVAC
control systems: A review” which was published in “Renewable and Sustainable Energy
Reviews” Elsevier Journal in 2018. This paper addresses the 1st objective of this study. This
study presents a critical review of current modeling techniques used in HVAC systems
regarding their applicability and ease of acceptance in practice and summarizes the strengths,
weaknesses, applications and performance of these modeling techniques. Additionally, the
performance and outcome of some of the developed models used in real-world HVAC systems
are discussed in this paper.
Chapter 3 addresses the 2nd objective, as discussed in Section 1.3. This chapter comprises a
paper titled “Technological Advancement of Energy Management Facility of Institutional
Buildings: A Case Study” which was published in “Energy Procedia” Elsevier Journal. This
paper presents an extensive survey of the energy management facility of the case building. The
problems existing within the system and the opportunities for further upgrade paths that are
both technologically and economically sustainable are revealed and discussed through this
study.
Chapter 4 encompasses two papers and addresses the 3rd objective as defined in Section 1.3.
The first paper titled “Prediction of Indoor Temperature in an Institutional Building” was
published in “Energy Procedia” Elsevier Journal. This paper presents a methodological
approach for the development of indoor temperature predictive model using real-time data. The
second paper titled “Real-time prediction model for indoor temperature in a commercial
building” was published in “Applied Energy” Elsevier Journal. This study presents a
nonlinear autoregressive network with exogenous inputs-based system identification method
to predict indoor temperature emphasizing the key aspects of model performance.
Chapter 5 comprises one paper that addresses the 4th objective of this research as defined in
Section 1.3. The paper titled “Evaluation of Real-life Demand Control Ventilation from the
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Perception of IAQ with Probable Implications” has been submitted to “Applied Energy”
Elsevier Journal (under review). This paper provides true insight into the performance of a
typical variable-air-volume air handling unit system under different operating conditions
through a rigorous case study analysis in a real commercial building.
Chapter 6 contains two papers that address the 5th objective of this research as discussed in
Section 1.3. The first paper titled “Tuning Approach of Dynamic Control Strategy of
Temperature Set-point for Existing Commercial Buildings” has been accepted to be
published by IAQVEC 2019 Conference Proceedings. This paper looks into the thermal
comfort conditions of a commercial building based on real-time series data and proposes a
tuning approach of dynamic control strategy of temperature set-point with a view to improving
occupants’ thermal comfort while simultaneously minimizing energy consumption. The next
paper titled “Predictive Modelling and Optimization of HVAC systems using Neural
Network and Particle Swarm Optimization Algorithm” is ready to be submitted in
“Building and Environment” Elsevier Journal. This paper proposes a state-of-the-art
modelling and optimization approach to minimize electrical energy consumption of the HVAC
systems without compromising indoor environmental conditions.
Chapter 7 summarizes the findings of this research and draws a conclusion for the entire study.
This chapter also addresses the limitations of this study and provides future directions
accordingly.
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Abstract
The appropriate application of advanced control strategies in Heating, Ventilation, and Airconditioning (HVAC) systems is key to improving the energy efficiency of buildings.
Significant advances have been made in the past decades on model development to provide
better control over the energy consumption of system components while simultaneously
ensuring a satisfactory indoor environment in terms of thermal comfort and indoor air quality.
Yet it is an ongoing challenge to select and implement the best-suited modeling technique for
improving the control strategy of HVAC systems. For the development of modeling research,
it is important that the building research community is informed about the role, application,
merits, shortcomings and outcomes of different modeling techniques used in HVAC systems.
Even though several review articles have been published on modeling techniques, the
weaknesses and strengths of these modeling techniques, along with performances of developed
models associated with research studies, have rarely been identified. This study presents a
critical review of current modeling techniques used in HVAC systems regarding their
applicability and ease of acceptance in practice and summarizes the strengths, weaknesses,
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applications and performance of these modeling techniques. Additionally, the performance and
outcome of some of the developed models used in real world HVAC systems have been
discussed. From the extensive critical review, it is evident that almost every model has a
major/minor shortcoming generated from assumptions, unmeasured disturbances or
uncertainties in some system properties. This review aims at highlighting the shortcomings of
existing application-based research on HVAC systems, and accordingly, recommendations are
presented to improve the performance of building HVAC systems.
Keywords
Modeling technique, building, HVAC, control system, energy consumption, thermal comfort, indoor
air quality.

1.

Introduction

HVAC is the primary energy consuming sector in a building [1]. Therefore, improving the
efficiency of HVAC systems contributes to greater energy savings within the building [2].
HVAC energy demand is directly related to the indoor temperature set-point, air infiltration,
window type, window-wall ratio, and internal loads [3]. Additional influences include building
type and climate [3]. Research has identified that appropriate selection and operation of HVAC
systems can provide energy saving by 25% while maintaining satisfactory indoor environment
[4]. However, poor design and inefficient operation of HVAC system can result in excessive
energy consumption.
The efficient operation of an HVAC system largely depends on its control system and
optimization parameters. It is far more sustainable and cost effective to improve the control
algorithms to achieve higher efficiency than replacing HVAC equipment with more efficient
modern technologies [5]. A good number of recent articles have given emphasis on improving
the energy efficiency in buildings through advanced control algorithms [6-17]. Improving the
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system control algorithm, mandates accurate modeling of the system and implementation of
best-suited optimization techniques [18].
Modeling techniques are increasingly getting sophisticated as advances in HVAC control
system. HVAC, as practiced today, not only takes into account the loss or gain of heat through
the windows, walls, floors, ceilings and roofs of buildings and the supply of fresh air needed
on account of physical and process contamination in addition to regulatory requirements, but
also addresses control of the temperature, humidity and cleanness of the air and above all, its
movement [19]. Considering all of these discrete, non-linear and highly constrained
characteristics and parameters of HVAC systems, it is a challenging task to develop an accurate
and effective model for these systems that accurately represents reality. For the development
of modeling research, it is necessary that the building research and management community
become informed about the application, role, strengths and weaknesses of the various modeling
techniques associated with research studies and how the developed models perform in real
world situations. A review article addressing these issues can provide a deep insight into the
existing modeling techniques used in HVAC system.
Several review articles have been published so far on modeling techniques [20-23], control
strategies [24-27] and optimization methods [27] of HVAC systems. Afram and Janabi-Sharifi
[20] reviewed the modeling methods used in heating, ventilation, and air conditioning (HVAC)
systems. In another research paper, Afram and Janabi-Sharifi [26] reported control methods,
with an emphasis on the theory and applications of model predictive control (MPC) for HVAC
systems. A brief review of three major modeling techniques for HVAC system was reported
by Homod [21] even though their review did not cover the subdivision of those three major
modeling techniques. Okochi and Yao [22] presented a review of variable air volume (VAV)
systems’ modeling and simulations, controls, airflow properties, common faults ׳diagnosis and
control, energy consumption analysis, and current applications. A review of major modeling
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methodologies used to model the energy systems of buildings was presented by Harish and
Kumar [23]. Dounis and Caraiscos [24] reviewed the control systems used in building energy
and comfort management. A comprehensive review of existing supervisory and optimal control
strategies for HVAC system was reported by Wang and Ma [25]. Shaikh, et al. [27] reviewed
the control systems, optimization methods and simulation tools used in building energy and
comfort management and analyzed the energy and comfort related trends.
Also, Trčka and Hensen [28] reported a review of existing tools for HVAC system design and
analysis, modeling approaches, and simulation techniques. Subbaram Naidu and Rieger [29,
30] presented an overview of advanced control strategies for HVAC systems including hard,
soft and fusion control. A comprehensive review of intelligent control techniques used in
HVAC systems was provided by Mirinejad, et al. [31].
There is still a need to understand the strengths and weaknesses of different modeling methods
used in HVAC system to progress in research on modeling of HVAC system components and
operating conditions. The aim of this paper is twofold:
i.

Categorize the role of different modeling techniques in improving the function of
HVAC control system; functional improvement includes reducing energy consumption,
maintaining thermal comfort and improving indoor air quality.

ii.

Indicate the need for further research efforts

Therefore, this study presents a critical survey of different modeling methods used in HVAC
system associated with various research studies. This study also provides a deep insight into
the applications, tasks, and outcomes of some of the developed models where these modeling
techniques have been implemented in the real world. Through extensive review, this study will
answer the following research questions:
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a. What are the roles, application, strengths and weaknesses of different modeling
methods used in HVAC system control system?
b. What were the goals and outcomes of the developed models associated with research
studies and how these models performed in practice? and
c. What are the major performance criteria of these modeling techniques and how these
performance criteria can help in selecting the suitable modeling technique based on
field of application?
This study will act as a reference for the building research community and guideline for the
energy management personnel to select the best-suited modeling technique on the way to
improve the performance of the HVAC system.
This paper is organized as follows: Section 2 addresses the necessity of accurate modeling in
HVAC system. The step-by-step methodological approach that is followed during review has
been specified in Section 3. In Section 4 the modeling techniques used in HVAC systems have
been introduced and classified. These modeling techniques have been critically reviewed in
Section 5 to identify the features, strengths and weaknesses of these techniques. This Section
also presents a review of application-based research studies of modeling implementations.
Section 6 summarizes the outcome of the review. This section also provides an insight into the
direction for developing models in the future. Lastly, a conclusion is drawn from the entire
study in Section 7.
Nomenclature:
cov

Covariance

Te

Temperature of the refrigerant at
evaporator inlet (°C)

fsa

Volumetric flow rate of the supply air

Th

Supply air temperature (in humidifier)
(°C)
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fsw

Water flow rate

Tm

Temperature of the air out of the mixing
box (°C)

h(t)

Rate of humid air produced in the To

Outside temperature (°C)

humidifier
hs

Enthalpy

of

saturated

air

at

the Tr

Temperature of the recirculated air (°C)

temperature of the wetted surface (kJ/kg)
h1

Enthalpy of the refrigerant at evaporator TR

Temperature of the roof (°C)

outlet/compressor inlet (kJ/kg)
h2

h5

Enthalpy of the refrigerant at compressor Tsi

Temperature of supply air (to the

outlet/condenser inlet (kJ/kg)

humidifier) (°C)

Enthalpy of the refrigerant condenser Tsa

Supply air temperature (°C)

outlet/expansion valve inlet (kJ/kg)
h6

mo

Enthalpy of the refrigerant expansion Tw1

Temperature of the wall (East, West)

valve exit/evaporator inlet (kJ/kg)

(°C)

Mass flow rate of the outdoor air

Tw2

Temperature of the wall (South, North)
(°C)

mr

Mass flow rate of the recirculated air

Twb,i

Wet-bulb temperature of ambient air
(°C)

˙

𝑚r
mm
˙

𝑚w
q-1

Mass flow rate of the refrigerant

Twi

Supply water temperature (°C)

Total mass flow rate of the mixing air

Two

Return water temperature (°C)

Mass flow rate of condenser water (kg/s)

Tz

Temperature of the zone (°C)

Back shift operator

Twe

Temperature of the evaporator wall
(°C)

q(t)

Heat gains from occupants, and light (W) Twc

Temperature of the condenser wall (°C)

Aei

Area of the evaporator inlet (m2)

Overall heat transfer coefficient of

Uw1

(East, West) walls
Aci

Area of the condenser inlet (m2)

Uw2

Overall heat transfer coefficient of
(South, North) walls

Aeo

Area of the evaporator outlet (m2)

UR

Overall heat transfer coefficient of the
roof

Aco

Area of the condenser outlet (m2)

Vah

Volume of the air handling unit

AR

Area of the roof (m2)

Vh

Volume of the humidifier

Aw1

Area of the wall (East, West) (m2)

Vz

Volume of the zone
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Aw2

Area of the wall (South, North) (m2)

Wco

Humidity ratio of the air out from the
coil (kg/kg dry air)

Cah

Ch

CR

Cw1

Cw2

Cz

Overall thermal capacitance of the air Wh

Supply

handling unit (kJ/°C)

humidifier) in kg/kg(dry air)

Overall thermal capacitance of the Wm

Humidity ratio of the air out the mixing

humidifier (kJ/°C)

box (kg/kg dry air)

Overall thermal capacitance of the roof Wsa

Humidity ratio of the supply air in

(kJ/°C)

kg/kg (dry air)

Overall thermal capacitance of the wall Wsi

Humidity ratio of the supply air (to the

(East, West) (kJ/°C)

humidifier) in kg/kg (dry air)

Overall thermal capacitance of the wall Wz

Humidity ratio of the zone in kg/kg (dry

(South, North) (kJ/°C)

air)

humidity

ratio

(in

Overall thermal capacitance of the zone ∆𝑦(∞) Amplitude of step chage in process
(kJ/°C)

Cpw

air

output
∆𝑢(∞) Amplitude of step chage in process

Specific heat of water=4.1868 kJ/kg °C

input
Cpa

Specific heat of air=1.005 kJ/kg °C

Greek letters

Cpa,e

Specific heat of equivalent ideal gas α, β, Polynomials
γ, δ,

(kJ/kg0C)

θ
𝜏

K

Static gain

Time constant

L

Dead time

σ

Standard deviations

MeM

Merkel number (dimensionless)

ε

Effectiveness

of

heat

exchanger

(dimensionless)
NTU

Number of transfer units (dimensionless)

ρa

Density of air=1.25 kg/m3

P(t)

Evaporation rate of the occupants

ρw

Density of water=998 kg/m3

Q c

Heat Transfer rate of condenser

ω

Ratio of the minimum heat capacity
flow rate to the maximum heat capacity
flow rate (dimensionless)

Q e

αh

Heat Transfer rate of evaporator

(UA)h overall transmittance area factor
of the humidifier

˙

𝑄rej

Heat rejection rate of the cooling tower αci

Heat transfer coefficient of refrigerant

(W)

entering condenser (W/m2 K)
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Tc

Tco

Tcws

Temperature

of

the

refrigerant

at αco

Heat transfer coefficient of refrigerant

condenser inlet (°C)

leaving condenser (W/m2 K)

Outlet temperature of the air from the coil αei

Heat transfer coefficient of refrigerant

(°C)

entering evaporator (W/m2 K)

Condenser water supply temperature (°C) αeo

Heat transfer coefficient of refrigerant
leaving evaporator (W/m2 K)

Tcwr

Condenser water return temperature (°C)

2. Necessity of Choosing Appropriate Modeling Processes in HVAC Control System
Modeling of HVAC system is essential for appropriate analysis and improvement of its control
system. However, HVAC systems possess a complex structure comprising heat and mass
transfer equipment such as the chiller, boiler, heating/cooling coils, thermal storage systems,
air-handling equipment, air distribution system and liquid distribution systems [32]. Figure 1
shows the schematic of a conventional chilled-water ventilation and air-conditioning system
for commercial buildings comprising three main components: air handling unit, chiller and
cooling tower. The system also consists of several sensors and controllers for regulating the
controllable variables such as zone temperature, supply air temperature, supply air fan speed,
duct static pressure, and chilled water temperature at their set-points [33]. Because of having
numerous mechanical, hydraulic and electrical components, the overall dynamics of HVAC
plants are highly nonlinear. The interaction between the temperature and humidity control
loops is relatively complex, and substantial constraints are imposed by the non-ideal behavior
of actuators such as dampers and valves [18]. Therefore, the modeling process of the HVAC
system leads to dynamic, nonlinear, and very high-order models because of the physical
properties such as high-thermal-inertia, real lag time, uncertain disturbance factors, etc. of the
system [21].
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Fig. 1: Schematic of typical chilled-water ventilation and air-conditioning system for
commercial buildings (Reprinted from [34] with permission from Elsevier).
The most challenging and important part of the model development for a particular application
is the process of identifying the model order and the optimum parameters [35]. The adjustment
of parameters of a model used to denote a system is called system identification [36]. System
identification, is often a necessary tool for the design, commissioning, operation, control,
optimization and diagnostic processes of HVAC systems in order to describe the behavior
and/or dynamics of air conditioning systems [37]. A Properly identified model can provide
good results, higher accuracy and at the same time may require minimum calculation time.
Agbi, et al. [38] reported that parameter identifiability is an important factor to system
identification accuracy and efficiency, and it is influenced by the input data, excitation signals,
and system model structure. On the other hand, Li and Wen [39] in their studies mentioned that
like the model structure selection, the system order and Hankel matrix1 size are the two vital
factors for ensuring model accuracy and high calculation speed in system identification. They
conducted parametric testing in their studies to determine the system order and the Hankel
matrix size. It was found from their model validation that 18th order subspace model performed
the best in terms of simplicity and high precision. However, even though parametric testing

1

A Hankel matrix is a matrix that is symmetric and constant across the anti-diagonals, and has elements h(i,j) =
p(i+j-1), where vector p = [c r(2:end)]. This p completely determines the Hankel matrix.
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methods were found to be useful for determining the system order and Hankel matrix rank,
there is still a lack of systematic approach to the model structure selection, model order
determination and optimum parameters identification [39]. Most of the existing studies just
applied trial and error method to determine the model structure and order. Despite the similarity
of HVAC control to other types of process control, certain features such as nonlinear dynamics,
time-varying system dynamics and set-points, time-varying disturbances, poor data, complex
interaction between the temperature and humidity control loops and at times conflicting control
loops and lack of supervisory control (in many buildings) has made HVAC system control
distinctive and challenging [40]. Therefore, while developing a model for HVAC system or its
components, attention should be given in determining the model order and parameter
identification so that the ultimate control algorithm holds the ability to deal with disturbances,
constraints, and uncertainties, to handle time-varying system dynamics and slow-moving
processes with time delays and to cope with a broad range of operating conditions.
3. Methodology:
The review was conducted by the authors based on exploring/searching:
I. publication databases for peer-reviewed journal and conference articles, dissertations, and
books, and
II. technical reports, and documentations on the application of HVAC modeling techniques
used for several decades.
The literature search was carried out using related keywords, identified through an iterative
process of study, brainstorming and combination of both. Three different categories of
keywords were used:
a. Modeling techniques (e.g., physics based, data-driven and hybrid) used for HVAC
system,
26

b. Application of major modeling techniques and their sub-sections in HVAC system (e.g.,
Modeling various HVAC system dynamics, control of indoor temperature, thermal
comfort level, heating/cooling load, optimization of HVAC energy consumption, fault
detection, and diagnosis of HVAC systems, etc.), and
c. Generic terms (e.g., building energy conservation, HVAC system optimization, indoor
air quality, indoor thermal comfort) to ensure the breadth and depth of coverage.
Search terms were combined with Boolean operators, “OR” and “AND” to cover extensive
possible combinations in search engines. The following key websites were used to identify
potential sources:
• IEEE Xplore (http://ieeexplore.ieee.org/Xplore/home.jsp),
• Science Direct (http://www.sciencedirect.com),
• Scopus (http://www.scopus.com),
• Google Scholar (https://scholar.google.com.au) and
• Murdoch Library (http://library.murdoch.edu.au)
Cited articles were checked and relevant cited articles were included in the review.
The review was conducted mainly in the following areas:
a. Classification of HVAC Modeling Techniques based on literature and
b. Extensive study on the classified HVAC Modeling Techniques associated with existing
relevant research studies
After completion of the review process the findings have been discussed and summarized. In
the discussion and summary section a comparison of modeling techniques is presented based
on weaknesses and strengths of different modeling techniques and their performance criteria.
Lastly, recommendations are presented to progress in research on modeling of HVAC system
components and operating conditions.
4. Classification of HVAC Modeling Techniques
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HVAC modeling techniques can be divided into three categories: physics-based (or white
box/mathematical/forward), data-driven (or black box/empirical/inverse), and gray box (or
hybrid). These models can be linear [41, 42] or nonlinear [43, 44], static [45-53] or dynamic
[43, 54-59], explicit or implicit, discrete or continuous, deterministic [60] or probabilistic,
deductive, inductive or floating. Static/steady state models are those in which parameters are
constant or do not vary with time while dynamic/unsteady state/transient models are those in
which parameters change with time. Dynamic modeling deals with various problems arising in
transient operations that are crucial for system start-up, shut-down, and reaction to disturbances
[61]. Disturbances in HVAC systems can take place due to heating and cooling load changes,
human interactions, and/or control actions [62].
According to this grouping, most of the physics-based techniques fall under the deductive
models whereas data-driven techniques fall under the inductive models. Gray-box models can
be classified under both the inductive and deductive models. Both physics-based and datadriven techniques can result in linear/nonlinear, static/dynamic, and explicit or implicit models.
Physics-based techniques generally lead to continuous and deterministic models whereas datadriven techniques commonly result in discrete and deterministic or stochastic models [63, 64].
Physics-based (white box/mathematical/forward) model:
Physics-based models are developed based on fundamental laws of energy - mass balance, heat
transfer, momentum, and flow balance, from where a set of mathematical equations can be
derived and solved. These models can be either distributed or lumped parameter type. Based
on ease of use, the lumped parameter method has shown superior performance over distributed
parameter type [21]. Several specific assumptions are the basis of physics-based models. This
type of models is primarily used at the design stage where it is necessary to predict and analyze
the performance of HVAC system components through simulation. Examples of physics-based
model include: chiller model [60, 65-71], cooling tower model, zone model [54, 72-75], AHU
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model, mixing box model [54, 72, 74], splitting box model [72], heating/ cooling coil model
[54, 72, 73, 75-80], humidifier model [54], fan or pump model [54, 72, 73, 75] , duct model
[54], sensor model [54], damper or valve model [72], etc.
Physics-based dynamic HVAC system models are commonly developed for the slow moving
temperature and humidity processes (e.g., zone temperature dynamics, zone humidity
dynamics, heating/cooling coil dynamics, etc.), while static models are implemented for the
fast moving dynamics of the system [e.g. mixed air temperature and carbon dioxide (CO2)
concentration in mixing box, and flow rate of air and water through damper and valve
respectively] and energy consumption (fan or pump energy consumption) [20].
Data-driven (black box/inverse) model:
Data-driven models are developed through a process of collecting the system performance data
from real practice and then establishing a relationship between the input and output variables
using the mathematical techniques [e.g., statistical regression or artificial neural network
(ANN)] [32]. The ability of data-driven approaches in modeling HVAC system has been
established in various research studies [9, 56, 81-89]. This type of modeling is suitable for
existing HVAC system performance improvement where sufficient training data are available.
Classification of Data Driven Models:
Data driven (black box or inverse) modeling technique comprises nine different types of
models. A complete classification of data-driven models used in HVAC system is illustrated
in Figure 2.
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Sub-Space State Space
Identification (4SID)

State-Space
Model

Thin Plate Spline (TPS)
Approximation

Data Mining
Algorithm

Geometric
Model

Topological Case Base
Modeling (TCBM)

Case-Based
Reasoning
Probability Density Function
(PDF) Approximation

First/ Second Order Overdamped Process with Dead Time

Frequency
Domain Model

Data-driven Model

Fuzzy Logic
Model

Support Vector
Machine (SVM)

Fuzzy Adaptive
Network (FAN)

Takagi-Sugeno (T-S)
Fuzzy
Adaptive Network based Fuzzy
Inference System (ANFIS)

Stochastic
Model

Just In Time (JIT)

Artificial Neural
Network (ANN)

Linear and Polynomial Time
Series Regression

Statistical
Model

Instantaneous
Model

Auto Regression
exogeneous (ARX)
Auto Regression Moving
Average exogeneous (ARMAX)
Auto Regression Integrated
Moving Average (ARIMA)

Figure 2: Classification of data-driven models used in HVAC systems (adapted from [20])
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Gray-box (hybrid) model:
Gray box models can be regarded as the combination of white box and black box models [21].
The basic structure of the model is formed from physics-based methods while the model
parameters are determined by using the parameter estimation algorithms on the measured data
of the system. In fact, there are some physical processes of the HVAC system that are less
clearly defined by the thermodynamic equations, and at the same time, certain information or
adequate training data are lacking. In this case, gray box or hybrid model is effective. This
approach is especially beneficial for control applications when the model is expressed in a
suitable form such as transfer function or state space [90].
5. A Review on HVAC Modeling Techniques
HVAC system dynamics modeling has been used for decades in design, control, fault detection
and diagnosis, and improving the performance of HVAC systems. This section provides a
critical review of all modeling techniques in terms of their strengths and weaknesses. This
review also pinpoints the methodological approach, application, outcome and shortcoming of
some of the developed models used in HVAC system associated with research studies.
5.1

Physics-based model

Physics-based modeling techniques are applied to HVAC system components and its subsystems. These are discussed in the following subsections.
Chiller Model:
The chiller is a primary system component of an HVAC system that rejects heat from a liquid
through a vapor compression cycle or an absorption cooling cycle [91]. Chillers, chilled water
pumps, and motors altogether consume almost half of the total energy used in commercial and
institutional buildings [92, 93]. Chillers, being a major energy consuming component of HVAC
systems, hold vital significance in developing simulation models for effective control and
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optimal operations of HVAC systems. A chiller comprises four elementary components:
evaporator, condenser, compressor, and expansion valve. All these components can be modeled
separately.
The chiller power consumption differs based on the water flow rate, the heat capacity of water,
the temperature difference between incoming and outgoing water in a chilled water loop and
the Coefficient of Performance (COP) of the chiller [94]. COP of the chiller varies based on
the load on the chiller. Additionally, the efficiency of a cooling tower is directly related to the
enthalpy of the air to which heat is being rejected.
As dynamic models can better represent the transient behavior of the chiller system, a
significant amount of research has been conducted on the dynamic modeling of chiller system.
Browne and Bansal [95] presented a transient simulation model for predicting the dynamic
performance of vapor-compression liquid chillers over a wide range of operating conditions.
In one of the chillers they utilized a regression model for the compressor and also had to apply
empiricism for the evaporator tube wall mass to predict the start-up process for that particular
chiller adequately.
The main assumptions used in this study to develop the model are:
• The mass flow rate of the refrigerant is equal to the mass flow rate through the compressor
and keeps same throughout the system.
• The temperature of the walls does not vary through the cross-section or along the length of
the tubes.
• The refrigerant properties within each component are homogeneous with pressure drops being
neglected.
• The expansion process through the EEV/orifice plate is isenthalpic.
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Assuming that the refrigerant is in a quasi-steady state, the evaporator load and the energy
balance equations used by Browne and Bansal [95] are given by:

Q e = ei Aei (Two − Twe )

(1)

m r (h1 − h6 ) =  eo Aeo (Twe − Te )

(2)

Similarly, for the condenser the load and energy balance equations are given by:

Q c =  ci Aci (Twc − Tcwr )

(3)

m r (h2 − h5 ) =  co Aco (Tc − Twc )

(4)

The prediction result of this study [95] was found to be within ±10%, even though for one of
the chillers a degree of empiricism was applied and a simple cooling-tower model was
developed based on the dynamics of the water sump only. Many other aspects of system
transients were also neglected while developing the model. Therefore, the model was not fully
capable of predicting the modulating nature of the chiller.
Wang, et al. [60] presented dynamic models for single-stage and two-stage centrifugal chillers
on the basis of fundamental mechanistic/deterministic principles of chillers. The simulated
dynamics of chillers was used by this study to test the control performance of an HVAC system.
The model was developed considering the compressor polytropic work, hydrodynamic losses
and mechanical and electrical losses. Subsequently, it was validated by comparing the
predicted chiller power consumption and coefficient of performance with the measured data.
This model was found useful to identify the effect of chiller dynamics on the HVAC system
although it was not suitable to evaluate the dynamic performance of chiller operation. Also,
some additional assumptions were used during model development along with basic
assumptions of the thermodynamic cycle which ultimately affected the prediction accuracy.
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Based on first principles of thermodynamics Bendapudi, et al. [66] proposed a dynamic model
for a centrifugal chiller. The study found that second-order integration algorithm, especially
the modified Euler method, in conjunction with a suitable integration step-size provides the
fastest execution speed as compared to a first-order or fourth-order method. This proposed
model was found to predict the steady state performance under a wide variety of conditions as
well as the time constants of the transients. However, the shell-and-tube heat exchangers were
modeled based on finite volume approach with the refrigerant pressure drop neglected [61]. In
a later work, Bendapudi, et al. [96] compared two common modeling approaches [i.e., finite
volume (FV) and moving boundary (MB) methods] for heat exchanger models where the
refrigerant pressure drop was again neglected to simplify the calculation. According to their
research findings, the MB method is much faster than the FV method although both of them
provide approximately the same accuracy. However, the FV method being capable of dealing
with the start-up transient shows more robustness than the MB method. It was concluded that
neither approach could predict the refrigerant charge accurately due to lack of appropriate voidfraction models.
Lei and Zaheeruddin [69] proposed a lumped parameter dynamic model of a water-chiller
refrigeration system based on mass and energy balance principles. A simulation study was
performed to examine the transient behavior of the dynamic model subject to variations in
compressor operational frequency and a thermodynamic expansion valve opening fraction. The
study identified the optimum valve position at a given operation frequency to work within a
safe operating mode to avoid water freeze up in the secondary system. Even though the studies
incorporated the refrigerant thermal capacity with superheat section of evaporator, certain
assumptions (i.e. no effect of the compressor shell on system performance, compressor reaches
operating speed instantaneously, no pressure drop and longitudinal heat transfer within the heat
exchangers, no refrigerant mass accumulation in the superheat section) have made the
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simulation model simple. Therefore, there is a possibility that this model will differ largely in
performance from real practice.
A dynamic model for single-effect LiBr/water absorption chillers based on external and
internal steady-state enthalpy balances for each main component was presented by Kohlenbach
and Ziegler [65, 68]. This model simulated the reaction of the absorption chiller to a change of
external conditions. Assumptions were made to reflect the ideal condition. Also, a simpler
approach was applied considering the most important physical properties only that avoided a
detailed enthalpy calculation for each state point.
Zhang, et al. [70] developed a dynamic model for an air-cooled screw chiller consisting of an
economized screw compressor for controller design purposes. Comparisons made between
simulations and experiments specified that the model could sensibly simulate the transients of
the chiller. However, the study overlooked the dynamics of the compressor by assuming the
compression process to be polytropic and static.
Zone model:
An HVAC zone can be defined as a cluster of adjacent offices and/ or spaces often covered by
a common air-handling unit (AHU) or air terminal device [97]. The temperature in a zone is
maintained by adding or removing the heat into or from the space to balance the internal and
external heat gains and losses [98]. Heat transfer to a zone is commonly modeled by using heat
conduction equation, heat balance method, weighting factor (response factor or transfer
function) method, and thermal-network method [21] and [99].
During modeling of the zone, Tashtoush, et al. [54] assumed that:
•

The air in the zone is fully mixed, and zone temperature distribution is uniform.

•

The effect of North and South wall on the zone temperature is same. Also, the effect of East
and West wall on the zone temperature is same.
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•

The ground/floor has no effect on the zone temperature.

•

The density of the air is constant and is not influenced by changing the temperature and
humidity ratio of the zone.

•

No pressure losses across the zone and in the mixing section.

Under the above assumptions, energy and mass balance governing equations of the zone
expressed by Tashtoush, et al. [54] are given by:
d𝑇z

𝐶z

= 𝑓sa 𝜌a 𝐶pa (𝑇sa − 𝑇z ) + 2𝑈w1 𝐴w1 (𝑇w1 − 𝑇z ) + 𝑈R 𝐴R (𝑇R − 𝑇z ) + 2𝑈w2 𝐴w2 (𝑇w2 −

d𝑡

𝑇z ) + 𝑞(𝑡)

(5)

Where 𝑞(𝑡) stands for internal heat gain from the occupancy, lighting fixtures, other devices
and can be expressed as
𝑞(𝑡) = 𝑞p + 𝑞l

(6)

Eq. (18) states that the rate of change of energy in the zone is equal to the difference between
the energy transferred to the zone by either conduction or convection and the energy removed
from the zone.
𝐶w1
𝐶w2
𝐶R

d𝑇w1
d𝑡
d𝑇w2
d𝑡

d𝑇r
d𝑡

= 𝑈w1 𝐴w1 (𝑇z − 𝑇w1 ) + 𝑈w1 𝐴w1 (𝑇o − 𝑇w1 )

(7)

= 𝑈w2 𝐴w2 (𝑇z − 𝑇w2 ) + 𝑈w2 𝐴w2 (𝑇o − 𝑇w2 )

(8)

= 𝑈R 𝐴R (𝑇z − 𝑇R ) + 𝑈R 𝐴R (𝑇o − 𝑇R )

(9)

Eqs. (20), (21) and (22) states that the rate of change of energy in the walls is equal to the
energy transferred to the walls due to the temperature difference between indoor and outdoor
air.
𝑉z

d𝑊z
d𝑡

= 𝑓sa (𝑊sa − 𝑊z ) +

𝑃(𝑡)

(10)

𝜌a
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Similarly, Eq. (23) states that the rate of change of moisture content in the zone is equal to the
difference between the vapor added or removed from the zone.
A model of the zone has to emulate the dynamic thermal processes within the zone as well as
the interaction with the environment because of the continuous variation of the external and
internal environment of the zone [97]. Therefore, modeling this time-variant system is a
challenging task especially, when the number of zones becomes multiple. In single-zone
buildings, the set points of thermal comfort and indoor air quality variables are the same in all
rooms, while in multi-zone buildings, the set points vary for different zones. It is easier to
design a controller for a single zone building where many factors such as zone overlapping,
variation in heating/cooling load, solar radiation or change in thermal effects among zones are
not reflected. In the case of multi-zone building HVAC systems, such thermal coupling cannot
be neglected and must be modeled accurately for the effective control of zone temperature,
humidity, and air quality [100]. This strategy results in more complex multi-input-multi-output
(MIMO) controllers.
Often the zone model is simplified to linear single zone ignoring time varying characteristics
of parameters. For instance, Ghiaus and Hazyuk [101] assumed that the thermal model of the
building is linear and that the model of the building, the weather conditions, and occupational
program are known in the design stage. Then based on those assumptions a single zone model
was developed to estimate, in dynamic simulation, using thermal balance for normalized
outdoor conditions. This effectively rejected the disturbance caused by the weather conditions
and enabled tracking of the optimal set-point. However, the model did not consider the
moisture transmission which is an important element in delivering thermal comfort.
The majority of previous research works used the Single-Input-Single-Output (SISO) type
model for easier manipulation using linear controller [102]. In many cases, building thermal
effect is partially or fully neglected by the zone/indoor space model. For instance, the model
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developed by Wang et al. [103-106] for indoor space based on the conservation of energy and
applied thermal balance equation did not consider the effect of space heat gain or heat loss
through the walls, windows, doors and roof, by air leakage or by operations within the space
as well as heat gain from the occupancy, lighting and indoor equipment. Platt, et al. [97]
developed an HVAC zone model assuming that the supply air is evenly distributed throughout
the whole zone, and adjacent zones have the same temperature. However, the thermal storage
of all walls was ignored in this study. Their modeling and prediction results demonstrated that
the shorter the prediction time, the more accurate the prediction of indoor temperature that can
be achieved. Another study pointed out that highly non-linear heat and moisture transfer are
significantly simplified with a dynamic model in buildings [107]. On the other hand, the model
does not consider the ‘actual’ variation of thermal and moisture storage in buildings’ materials
and there are often restrictions in applying the models to short- or long-termed behaviors.
Goyal, et al. [108] constructed a model with Resistance Capacitance (RC) networks
representing the convective interaction among a pair of zones. Heat exchange among zones
due to radiation was neglected during model development. It was established by the study that
the zone temperature prediction capability of RC model considering heat transferred by
convection along with conduction is closer to the measured temperature compared with the
conduction-only model. However, applying simplified RC model to convective heat transfer
among the zones can create model incompatibility since the uncertain coupling effects between
zones can hardly be identified by the simplified RC models [87].
The heating and cooling coil model:
Heating and cooling coils are another essential element of HVAC systems. In the AHU, heating
and cooling coil act as heat exchangers where air loses or gains heat from water passing through
the coil. Historically, the primary requirement in coil design was to meet desired loads with its
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steady-state performance. However, latterly it has become evident that the coil should perform
well under dynamic conditions [109].
The dynamic temperature model of the heating/cooling coil can be derived from the energy
balance in the air–water heat exchanger [54, 72]. The energy and mass balance equations for
the heating and cooling coil can be expressed as:
Energy balance equations
𝐶ah

d𝑇co
d𝑡

= 𝑓sw 𝜌w 𝐶pw (𝑇wi − 𝑇wo ) + (𝑈𝐴)a (𝑇o − 𝑇co ) + 𝑓sa 𝜌a 𝐶pa (𝑇m − 𝑇co )

(11)

Mass balance equations
𝑉ah

𝑑𝑊co
𝑑𝑡

= 𝑓sa (𝑊m − 𝑊co )

(12)

During modeling of heating/cooling coil, Okochi and Yao [22] assumed that:
• The mass flow rates of both water and air remain constant.
• The thermal resistance of the coil is negligible.
• The thermodynamic properties of the fluids are independent of the temperature variations for
the operating temperature range.
• The coil mass temperature remains constant within the coil, and
•Steady state heat transfer between the water and air.
Numerous pieces of literature are available on heating/cooling coil modeling with the majority
of them are based on governing equations. All models of heating/cooling coils can basically be
categorized into two: finite difference and lumped parameter models. The finite difference
approach results in a comparatively large number of equations appropriate only for numerical
simulation [78]. Most of the previous models on heating/cooling coils used finite difference
approach. For instance, Myers, et al. [110] and Kabelac [111] used the governing differential
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equations to evaluate the dynamic response of a coil assuming that one fluid has an infinite
capacitance. Also, Zaheer-Uddin and Zheng [112] developed a transient model for cooling and
dehumidifying coils to determine the heat and mass transfer processes occurring in the coils
although no experimental validation was done by them. On the other hand, Karkamaz [113]
proposed a numerical model based on quasi-steady-state heat and mass transfer analysis to
determine the short-term energy consumptions and energy performance of the heating and
cooling coils for various inlet conditions. Hill and Jeter [114] suggested a linear sub-grid
cooling and dehumidification coil model focusing on mass transfer. Also, Bocanegra and Khan
[115] and Khan [116] developed models to analyze the performance of a counter flow cooling
and dehumidification coil. In their numerical solution, the complex counter crossflow
configuration in an actual coil was resolved by assuming pure counterflow geometry. Recently,
Yao, et al. [76] built a dynamic model to analyze the thermal qualities of cooling coils and later
solved using the method of classical control theory. This study focused on the effect of
perturbations of relevant parameters on the thermal quality of cooling coils under different
initial conditions. A major drawback of this model was that their applied methodology involved
comprehensive information on the structure of cooling coil unit (CCU) and physical properties
of fluids, such as fin and tube thickness, diameter and spacing, which may not be available
from manufacturers’ catalog. Therefore, it is quite difficult to implement this model in real
practice.
The lumped parameter approach results in comparatively fewer equations, however, because
of the complex characteristics of heat exchangers transient conditions associated with the
moving boundary between the wet surface region and dry surface region are often neglected
[78]. Wang and Hihara [117] developed a different method (known as the equivalent dry-bulb
temperature method) to predict air coil performance under partially wet and totally wet cooling
conditions. However, in their studies due to the difficulties arising during the experiment to
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differentiate partially wet cooling with net vapor condensate from totally wet cooling, both of
the conditions were assumed to be totally wet cooling. This method was well supported by the
study of Wang, et al. [80]. This study reported that the complex heat and mass transfer
characteristics of CCU could be further simplified without compromising the prediction
accuracy.
Jin, et al. [77] developed a dynamic CCU model by extending the cooling coil unit engineering
model and combining the model with the mass-energy balance equations. It was concluded that
this simple modeling method exactly captured the non-linear characteristics over a wide range
of system operation. However, in their experiment, they only used fresh air instead of mixed
air to keep the inlet air temperature constant. In real practice, it contradicts with the concept of
efficient running of air handling unit. Moreover, in order to simplify the calculation, their
model was developed based on linear approximation of the dry and wet cooling coil unit.
A simple steady-state heating and cooling coil model was developed by Nassif, et al. [73] based
on the toolkit of Brandemuehl, et al. [118]. They combined the self-tuning mode with the
steady-state physical model which was found to better perform in terms of prediction accuracy
than pure physics-based model. However, the latent heat transfer of the cooling coil was not
considered in this model. Also, the dynamic behaviors of the cooling and heating coils were
characterized by considering only the steady-state supply-air temperature and using a single
time constant.
The humidifier model:
Humidification is a mass transfer process of water vapor to atmospheric air, which results in
an increase of water vapor in the mixture. Humidification is a necessity in some areas due to
the very low humidity that can be present in even a cooling mode in winter [91]. The
measurement and regulation of moisture in the air is an important phase of air conditioning.
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The energy and mass balance equations for the humidifier model developed by Kasahara, et al.
[119] can be expressed as
Energy balance equation for the humidifier model
𝐶h

d𝑇h
d𝑡

= 𝑓sa 𝐶pa (𝑇si − 𝑇h ) + 𝛼h (𝑇o − 𝑇h )

(13)

Mass balance equation for the humidifier model
𝑉h

d𝑊h
d𝑡

= 𝑓sa (𝑊si − 𝑊h ) +

ℎ(𝑡)

(14)

𝜌a

Cooling Tower Model:
A cooling tower working as a primary system component of HVAC system performs the
function of heat rejection from the chiller condenser [99]. Heat rejection is achieved via heat
and mass transfer occurring from direct contact between hot-water droplets from the chiller
condenser water and relatively cool, ambient air [91]. A cooling tower generally comprises
fans, a hot-water distribution system, spray nozzles, fill (packing), a collection basin, and a
condenser pump [61]. Fig. 3 illustrates the schematic of a crossflow cooling tower. Chiller's
energy consumption is directly influenced by the performance of cooling tower. Moreover,
tower fans consume electricity directly [99]. The static diagram (Fig. 4) presented by Li, et al.
[34] shows the changes of total power (consumed by the chiller compressor and tower fan)
with the variation of cooling tower fan speed with optimal fan speed and power consumption
250.351 Hz and 231,174 W, respectively.
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Fig. 3: Schematic of a cross-flow cooling tower [61].

Fig. 4: Static diagram for total power versus cooling tower fan speed (Reprinted from [34] with
permission from Elsevier)
In 1925, Merkel developed the first practical theory for cooling tower modeling, including the
differential equations of heat and mass transfer. His cooling tower model was based on several
critical assumptions:
1. The Lewis factor, Lef, relating heat and mass transfer is equal to 1;
2. The air exiting the tower is saturated with water vapor, and it is characterized only by its
enthalpy;
3. The reduction of water flow rate by evaporation is neglected in the energy balance

43

The effectiveness-NTU method is based on the same simplifying assumptions as the Merkel’s
model. According to the effectiveness-NTU method the cooling tower effectiveness can be
given by:
1−e−NTU(1−𝜔)

𝜀 = 1−𝜔e−NTU(1−𝜔)

(15)

where
˙

𝜔=

𝐶min

(16)

˙

𝐶max
˙

˙

˙

𝐶min = min(𝐶𝑝w 𝑚w ,𝐶𝑝a,e 𝑚a )
˙

˙

(17)

˙

𝐶max = max(𝐶𝑝w 𝑚w ,𝐶𝑝a,e 𝑚a )
NTU =

𝐶𝑝a,e
𝐶𝑝a

(18)

UA

·

(19)

˙

𝐶min

The heat rejection rate of cooling tower can be expressed by:
˙

˙

𝑄rej = 𝜀 · 𝐶min · (𝑇CWS − 𝑇wb,i )
˙

When

𝑚a
˙

𝑚w

<

𝐶𝑝w
(

dℎs
)
d𝑇w

(20)

the NTU value according to Merkel theory can be given by

˙

NTU =

𝑚w
˙

𝑚a

𝑀𝑒M

(21)

Several literatures have been found on cooling tower modeling with most of the earlier research
studies focusing on the steady-state operation of cooling towers. Merkel’s cooling tower model
have been well recognized as the basis for most research studies on cooling-tower modeling
and analysis later (Ninić and Vehauc [120]; Maiya [121]). In Merkel’s model both sensible and
latent heat transfer processes were taken into consideration, however, water loss due to
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evaporation and drift and heat transfer through the tower walls were neglected, and the Lewis
number was assumed as unity to simplify the analysis [122].
Different studies have assumed different values of Lewis number based upon different
conditions. Poppe and Rögener [123] quoted the definition of the Lewis relation according to
Bošnjaković [124], i.e.
(𝜔

𝑠,𝑤
𝐿𝑒𝑓 = 𝐿𝑒 2⁄3 [ ln(𝜔

+𝑑)/(𝜔𝑎 +𝑑)−1

𝑠,𝑤 +𝑑)/(𝜔𝑎 +𝑑)

]

(22)

where Le is the Lewis number, assumed as a constant of 0.865 and d is the ratio of the molecular
weight of water to the molecular weight of air, which is a constant of 0.622. Grange [125] and
[126] claimed that for a wet cooling tower, Eq. (35) is approximately 0.92. It was also
recommended that the equation by Bošnjaković [124] should be used, and a numerical value
of 0.92 be preferred when the fill performance test data is insufficient to predict the Lewis
relation of a particular fill accurately. Kloppers and Kröger [127] specified that, if the ambient
air is very humid, the variation of the Lewis relation has little influence on the water outlet
temperature; while for dry conditions, a variation of the Lewis relation can lead to significantly
different results.
Stabat and Marchio [128] presented a simplified model for indirect cooling towers behavior on
the basis of Merkel's theory considering the variable water-film temperature along the coil. It
was concluded by this study that the model is capable of predicting energy and water
consumptions by the cooling tower under different operating conditions such as variable wetbulb temperatures or variable airflow rates.
Li, et al. [129] developed a Modelica-based dynamic model for a typical mechanical draft
counterflow cooling tower by simulating its transient behavior for three different inlet
conditions of tower: fixed condition, change in evaporator inlet water temperature, and change
in ambient air condition. Afterward its performance was assessed with the experimental data
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from the existing literature. The effectiveness of an extremum seeking control (ESC) scheme
for energy efficient operation of chilled-water system was demonstrated by this dynamic
simulation model [34].
Mixing box model:
The mixing of air streams usually under steady and adiabatic conditions is a common practice
in air-conditioning systems. As a system optimization strategy, a portion of return air and fresh
air coming from outside is mixed in a mixing box and eventually, supplied to the zone after
passing through heating/cooling coils [130].
The energy and mass balance equations used by Tashtoush, et al. [54] for mixing box can be
expressed as
Energy balance equation for mixing box
𝑚r 𝐶pa 𝑇r + 𝑚o 𝐶pa 𝑇o = 𝑚m 𝐶pa 𝑇m

(23)

Mass balance equation for mixing box
𝑚r + 𝑚o = 𝑚m

(24)

The above equation can also be applied to calculate CO2 concentration [74] and the humidity
ratio [131] of mixed air by simply replacing the temperature variables with their corresponding
CO2 and humidity ratio variables respectively.
Table 1 gives a summary of main surveyed studies on physics-based model focusing on the
field

of

application,

method,

main

task

remarks/recommendations have been made.
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and

outcome

and

accordingly

Table 1: Summary of main surveyed studies on physics-based model
Component of

Reference

HVAC
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Method

Main Task

Outcome

Remarks

application

System
Chiller

Browne

Vapor-

Thermal

Predict the dynamic

Prediction result was found to be

Advanced control algorithms

and Bansal

compression

capacitance

performance of a

within ±10%

and complex component

[95]

liquid chiller

approach

chiller

models that reflect refrigerant
migration can be developed
to better predict the
performance of chillers as
well as to reduce the need for
empiricism in the simulation.

Wang, et

Single-stage

Mechanisti

Test the control

Identified the effect of chiller

The performance of the

al. [60]

and two-

c/determini

performance of an

dynamics on the HVAC system

model can be improved by

stage

stic

HVAC system

using least numbers of

centrifugal

assumptions.

chillers
Lei and

Water chiller

Mass and

Study the transient

Found the minimal feasible valve

To increase the reliability of

Zaheeruddi

energy

response of the

position at a given operation

this model minimum numbers

n [69]

balance

refrigeration system

frequency for water chiller

of assumptions can be
involved.
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Zhang, et

Air-cooled

Partial

Assist the controller

The model reasonably predicted

al. [70]

chiller with

differentiati

design for controlling the transients of the chiller

an

on equation

chiller performance

economized

(PDE)

screw
compressor
Zone

Ghiaus and

Single zone

Heat

Estimate the heating

Assessed the heat load needed to

The model can be said

Hazyuk

thermal

load in dynamic

reject the disturbance

incomplete because of not

[101]

balance

simulation

considering moisture
transmission that has impact
on its performance

Platt, et al.

Single zone

[97]

Goyal, et

Multi-zone

al. [108]

Physical

Accurately predict

The model was found quite

The model can be converted

principles

the indoor

suitable for near-term predictions

to MIMO type to better

and circuit

environmental

of zone status.

handle the dynamic thermal

theory

conditions
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Predict the zone

The model predicted the zone
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temperatures more

temperatures more accurately than

accurately

a conduction only model

processes within the zones

Heating
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Heating and
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Determine the
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and/or

[113]
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difference

performance of the

term performance of heating and
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approach

heating and cooling

cooling coils.

formance of these coils, the

Cooling Coil

coils
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Yao, et al.

Cooling coils

Classical

Examine the thermal

Analyzed the dynamic heat

control

qualities of cooling

exchange of coils when some

theory

coils

perturbations occurred

Equivalent

Predict the air coil

The prediction for the cooling

Hihara

dry-bulb

performance

mode over the coil surfaces was

[117]

temperature

[76]

Wang and

Cooling coil

reasonably accurate.

method
Nassif, et

Heating and

Improve the

The steady state heating and

The results can be further

al. [73]

cooling coil

performance of the

cooling coil models with self-

improved by using dynamic

prediction model for

tuning parameters showed better

model substituting the

heating and cooling

performance.

existing steady state model.

coils

49

5.2

Data-driven model

There are nine different types of data-driven models as mentioned in section 4. These models
are discussed in this section.
Frequency domain model (First and Second-Order Over-Damped Process with Dead
Time):
There are some processes (e.g., dynamics of zone temperature and humidity) in the HVAC
system that are known as slow moving due to the substantial thermal inertia of the system.
Such processes can be modeled using the first and second order (over-damped) models with
dead time [132-135] e.g.
First order models with dead time
𝑌(𝑠)

𝐾

𝐺(𝑠) = 𝑈(𝑠) = 𝜏𝑠+1 𝑒 −𝐿𝑠

(25)

Second-order models with dead time
𝑌(𝑠)

1

𝐺(𝑠) = 𝑈(𝑠) = 𝑎𝑠2 +𝑏𝑠+𝑐 𝑒 −𝐿𝑠

(26)

Where
𝑎 = [𝑐 − 𝑟𝑒𝑎𝑙(

𝑏 = 𝑖𝑚𝑎𝑔

(

(𝑒 −𝑗𝜔𝑐 𝐿 )
𝐺(𝑗𝜔𝑐 )

)]/𝜔𝑐2 ,

(27)

𝑒−𝑗𝜔𝑐 𝐿
)
𝐺(𝑗𝜔𝑐 )

𝜔𝑐

,

(28)

1

𝑐=𝐾,

(29)

∆𝑦(∞)

𝐾 = ∆𝑢(∞)

(30)
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A first order model with dead time is suitable for describing a linear process and is sufficient
for PID controller tuning of HVAC system [136, 137]. On the other hand, second order model
with dead time is more appropriate in case of using advanced controllers within the system
[138].
These first and second order models are applicable for SISO systems as well MIMO systems.
Application of these types of models includes capturing dynamics of versatile processes of
HVAC system [132], control of VAV air handling units [133], temperature control [134],
representing time-delay and process gain uncertainties (dynamic variations) and constraints
within the system [34, 135].
First/second order over-damped process model with dead time have comparatively simple
structure and very few parameters to be determined from the measured data [20]. Due to the
abundance of the literature on first and second-order systems, the controller design process is
also established [20, 138]. However, the data gathering process is quite intrusive requiring the
pause of the normal operation of the system [20]. These models are only applied for linear and
time-invariant (LTI) systems. Thus complicated and time-varying system dynamics cannot be
represented with such models [20].
Data mining algorithms:
Data mining algorithms such as Artificial Neutral Network (ANN) and Support Vector
Machine (SVM) are capable of dealing complex and non-linear system dynamics [22].
ANN has been widely used in HVAC system dynamics modeling, prediction, control and
optimization [44, 84, 87, 88, 139-170]. Several Current applications of ANNs in building
HVAC system include predicting the heating/cooling load [139-143, 157], the performance of
chillers [166], the performance of cooling towers [165], the building indoor environmental
conditions e.g. indoor temperature [149-153, 155, 156, 158, 164], relative humidity [149, 153,
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158] and the building heating and cooling energy consumption [84, 88, 144-148]. Besides,
ANN has been extensively used in controlling and optimizing the indoor environment e.g.
temperature [87, 159, 160, 163, 169], relative humidity [160, 169], CO2 concentration [160],
daylight illuminance [159], the performance of HVAC components e.g. AHU [162], chiller
[161] and the building energy consumption [44, 87, 159, 160, 167-169]. In addition, a
significant reduction in energy consumption can be achieved by applying ANN model in
building HVAC systems [169, 170].
Recently, Zhao and Magoulès [171] presented a comprehensive review of recently developed
models for predicting the energy consumption of HVAC systems and stated that neural network
models could have higher running speed and accuracy in contrast with detailed engineering
models. According to Kumar, et al. [172] and Aydinalp-Koksal and Ugursal [84], ANNs can
be used to predict energy consumption more consistently than traditional simulation models
and regression techniques. Several studies have established ANN models’ superiority over
linear models [153, 158] and physical models [156, 164], [87], [173] in modeling the nonlinear
HVAC systems. However, in order to build the models using ANN, a significant amount of
controlling parameters are required and above all, suffers from generalization capability [174].
Using ANN the modeling structures developed by most of the studies e.g. [140-142, 144, 145,
149, 157, 158, 164] are single-input-single-output (SISO) or multi-input-single-output (MISO)
type. Very few studies e.g. [149, 153, 158] used neural networks to predict both indoor
temperature and relative humidity. Even though in very few studies indoor relative humidity
has been considered as a factor of thermal comfort, in most of the studies this factor has not
been considered to avoid the complications that arise from its inclusion. According to Zhang,
et al. [175] humidity is an important factor contributing to one's thermal sensation and comfort.
Moreover, it affects one's perception of the air quality. Ruano, et al. [164] added a radial basis
function neural networks to build an adaptive model to predict the indoor temperature of a
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school building as a single zone. Ferreira, et al. [176] verified an ANN based model predictive
control at a campus building and implemented a discrete branch and bound approach to
optimize the energy usage. Also, Spindler and Norford [156] built a multi-zone, multi-node
ANN model to predict the indoor temperature in a multi-zone residential building where the
accuracy of the predictive model was smaller than the ones obtained in other similar studies.
Through extensive review it is noticed that during model development most of these studies
e.g. [139-142, 144, 145, 149, 153, 157, 158, 164] considered the whole space as a single zone
or used a single room even though very few studies such as [87, 154, 156] used multi-zone.
The effects of thermal interactions, such as convective heat transfer between zones, have rarely
been addressed by the studies using single zone. Garnier, et al. [154] constructed an ANN
multi-zone model-based predictive control strategy to satisfy the thermal comfort index of a
non-residential building. Their result showed that the predictive controller considering the heat
transfer between the adjacent rooms offers improvement in both energy efficiency and thermal
comfort. Motivated by this, Huang, et al. [87] proposed a new ANN model-based modeling
approach for multi-zone buildings considering the factors such as mechanical cooling,
ventilation, weather conditions and heat transfer between the adjacent zones. Further, they
examined the importance of considering convective heat transfer among zones, through
comparing predictive accuracies of single-zone models to a multi-zone model and found more
accurate prediction results for multi-zone model.
Compared with ANN, the SVM is resistant to over-fitting the data and has better performance
than simple ANN [20, 22, 174]. Moreover, SVM can find the global optimum solution in the
data and provides the best fit for the data [20, 22, 174]. On the contrary, SVM suffers from the
selection of SVM free parameters [177]. An SVM-based approach uses the nonlinearly
separable data into higher dimensional feature space through a mapping function where it can
be separated linearly [20]. According to Lixing, et al. [174] SVM has been developed to solve
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pattern recognition and classification problems, with the introduction of Ɛ-insensitive loss
function. Also, the function of SVM can be extended to solve nonlinear regression estimation
problems, such as new techniques known as support vector regression (SVR), which have been
shown to exhibit excellent performance. SVM is a supervised learning method based on kernel
functions used for classification and regression. However, the previous practical results
demonstrate that due to the lack of knowledge of the selection of the three parameters (σ, C,
and Ɛ) in an SVR model, the model can suffer from poor forecasting accuracy [178]. They have
constructed the SVM model to estimate the cooling load of the building HVAC system by
measuring data on the cooling load over a period to predict the future cooling load. Later, they
have determined the global optima of SVM penalty parameter, intensive loss function and
kernel function using the ant colony optimization (ACO). Dong, et al. [179] investigated the
feasibility and capability of SVM in building load forecasting area. According to their research
findings, Neural Network (NN) can never reach a global solution while the solution of SVM
dealing with linearly constrained quadratic programming is unique and optimal. Further,
Xuemei, et al. [177] proposed a forecast model of cooling load system based on Stimulated
Annealing Particle Swarm Optimization (SA-PSO) algorithm that combined the advantages of
PSO algorithm and SA algorithm. Their numerical simulation results established the
performance superiority of SA-PSO based SVM model over traditional SVM load forecasting
model.
Several Current applications of SVMs in building heating, cooling and ventilation system
include prediction of building/HVAC system energy consumption [179, 180], prediction of
cooling load of the building HVAC system [174, 181-183] and fault detection and diagnosis of
HVAC systems [184].
Data mining algorithms possess certain features such as easy implementation, capability of
dealing with noisy data with many variables and complex nonlinear relations between inputs
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and outputs [20, 22] that made them user-friendly to many researchers to use it widely in
HVAC control system. However, these models have certain drawbacks such as: for both types
of data mining algorithms, no physical interpretation of the developed model is possible [20,
22] and the performance degrades when conditions deviate from training and testing conditions
[20]. Moreover, these algorithms are suitable for offline model development whereas online
implementation of these algorithms is often cumbersome [20].
Fuzzy logic model:
The development of fuzzy logic (FL) models involves the implementation of the if-then-else
statements whose rules are expressed in the form of a table or database [185]. These types of
models can be subdivided into fuzzy adaptive network (FAN), Takagi–Sugeno (T–S), and
adaptive-network-based fuzzy inference system (ANFIS). Several current applications of fuzzy
logic models in HVAC system include predicting fan motor speed using ANFIS [186],
controlling temperature/indoor conditions using FAN [187, 188] and T-S [189].
According to Angelov and Filev [190], the adaptive nature of T-S model in addition to the
highly transparent and compact form of fuzzy rules makes them a promising candidate for
online modeling and control of complex processes competitive to neural networks. This type
of model was used in nonlinear adaptive control, fault detection and diagnostics, performance
analysis of dynamic systems, time-series and forecasting, knowledge extraction, intelligent
agents, occupants’ behavior and modeling [190].
Models developed with FL are generally very simple and easy to understand [20, 22]. However,
as FL incorporates the operator's experience in model design, operators must have
comprehensive knowledge of plant and its various operating states. Moreover, FL model
development requires a large amount of performance data for training T–S, FAN, and ANFIS
[22]. The required knowledge and data for FL model development are not often available for
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many HVAC components, and hence it is difficult to model these components using FL [20,
22].
Statistical Model:
Statistical models are developed on the basis of how a sample of data can be generated from a
massive dataset by following a particular trend [22]. Examples of these types of models include
single and multivariate regression, output error (OE), Box-Jenkins (BJ), autoregressive
integrated moving average (ARIMA), autoregressive exogenous (ARX), autoregressive
moving average exogenous (ARMAX) and finite impulse response (FIR) [13]. The simple
input/output relationship of statistical models was used by Yiu [191] which is as follows:
𝛽(𝑞 −1 )

𝛾(𝑞 −1 )

𝛼(𝑞 −1 )𝑦(𝑡) = 𝜃(𝑞−1) 𝑢(𝑡) + 𝛿(𝑞−1) 𝑤(𝑡)

(31)

Depending on the choice of numerator and denominator polynomials of input u(t), output y(t)
and noise w(t) different models such as ARX, ARMAX, ARIMA, FIR, BJ, and OE are
formulated [20].
While some of these models such as FIR, OE, and BJ do not consider the output, the others
such as AR and ARMA do not consider the input in the input/output equation. Some models
e.g., ARX and ARMAX consider both the input and output in their structure [20]. Therefore,
the ARX and ARMAX models are useful for the design of the closed-loop control system. The
model ARMAX shows superior control performance over ARX as this type of model has the
capability of integrating the time series of error in the model structure [20].
Several researchers [42], [192] and [193] have applied black-box linear parametric structures
such as ARX, ARMAX, BJ and OE models to predict room temperature and relative humidity
of different office buildings. Mustafaraj, et al. [42] investigated different black-box linear
parametric structures such as BJ, ARX, ARMAX structure, and OE to identify the humidity
and thermal behavior of an office in a modern commercial building. Their results demonstrated
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that all models provide reasonably good predictions, but the BJ model outperforms the
ARMAX and ARX models. Romero, et al. [89] evaluated the effectiveness of using linear
black-box models to predict the chilled-water temperature in a variable-speed vapor
compression chiller system. The aim of their study was to distinguish a simple yet accurate
linear black-box model among the model structures of ARX, ARMAX, OE, and BJ. Similar to
Mustafaraj, et al. [42] this study also agreed that the BJ model best fit for the prediction. On
the other hand, Lowry and Lee [194] used different auto regressive models e.g. ARX, OE, and
BJ for predicting indoor air temperature and found that the OE model provides the best fit
between simulated and measured internal air temperature data.
Several existing research studies established that nonlinear models (e.g. NNARX, FFBP, and
RBF) generally perform better than linear models (e.g. ARX and ARMAX) in predicting
buildings’ room temperature [151, 155, 195-199]. However, according to Jiménez, et al. [200]
linear parametric models can be used to estimate the thermal parameters of physical models
although in other research Jimenez and Madsen [201] established that a nonlinear model is
required for an adequate description of the thermal characteristics. Mustafaraj, et al. [153] in
their research study made a comparison between a linear parametric ARX model and a neural
network-based nonlinear autoregressive model with external inputs (NNARX) to predict
indoor office temperature and relative humidity. Their results demonstrated that nonlinear
NNARX model outperforms the linear ARX model based upon prediction accuracy. This is
because room temperature and relative humidity are governed by nonlinear diffusion equations
[202]. However, their studies did not include CO2 concentration as a source of internal heat
gain. Further in their research, they used conventional PID controllers which are only reliable
if the system parameters do not change too much. In reality, since the operating conditions of
an HVAC system frequently change due to many factors, such as the weather variation, change
in heating/ cooling load and fluctuation of occupancy level from day to night and from season
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to season, the system appears highly nonlinear and time variable. Therefore, in order to obtain
good control performance, the conventional PID parameters should be tuned or should be
replaced by upgraded controllers.
Moroşan, et al. [203] proposed a distributed ARX model predictive control strategy for a multizone building to regulate its temperature with intermittently operating mode. They found that
the distributed Model Predictive Control (MPC) which considers the thermal interaction among
zones outperforms the MPC which does not consider thermal interaction. However, statistical
models being linear, time-invariant can easily lose accuracies when strong nonlinearity and
uncertainties are in existence within the systems [87].
Statistical models possess certain advantages such as requiring short calculation time, working
well under time varying process noise, scope of the model development with limited data.
These models also have some major shortcomings such as low accuracy, inability to capture
the nonlinear dynamics of the system which limits the application of these types of model in
HVAC system limited [20, 22]. Moreover, MIMO model identification using these methods
requires a large number of parameters to be determined [20].
Developing and validating models using a limited range of data are not reliable for predicting
room temperature and relative humidity with high accuracy. The indoor temperature and
relative humidity models of an office building were developed by Mustafaraj, et al. [42] using
different methods of the black-box model such as BJ, ARX, ARMAX structure, and OE
models. Unlike other models which considered shorter period of data (6 days [204], 14 days
[205], 21 days [194], 26 days [196], 30 days [158], 36 days [36]), their model was developed
using data collected over long periods (nine months) and predictions were performed for
different step ahead. They used linear parametric models to obtain a simple and low number of
model parameters. However, this caused compromise with the accuracy, especially in the
representation of the heat storage or flywheel effect on the instantaneous load. The study
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concludes that there is no specific model that can characterize indoor temperature and humidity
for all four seasons perfectly. This statement contradicts with Patil, et al. [197]’s research
finding. According to their finding, the linear regression models such as ARX, ARMAX, and
NNARX are suitable to describe the greenhouse behavior during most of the year. On the other
hand, Frausto, et al. [193] and Patil, et al. [197] developed models using one year of data. Their
developed ARX and ARMAX models had higher orders (i.e. na = 4 and nb = 5). Yiu and Wang
[37] developed a generic SISO and MIMO model for AHU using the ARX and ARMAX
structures. Their results established the effectiveness of the MIMO ARMAX model over SISO
ARMAX model.
Through critically reviewing some of the existing literature of statistical modeling on HVAC
system and building temperature control, some particular features of this type of models come
out. First, any temporal, physical or architectural changes of a building have an impact upon
space temperature, and this ultimately affects input and output variables of the model [42, 192,
206]. Second, optimum structure and order of the model are often determined through extensive
numerical simulations [37, 42, 206]. Third, there is a risk of increasing the prediction error of
the model rapidly in case the prediction prolongs over a lengthier time interval [42, 192, 194].
Fourth, despite very few researchers built their models using long-period data collected from
real buildings [42, 206, 207], most statistical models are trained using either simulation data or
limited measurements from a small quantity of HVAC components [37, 192, 194].
State Space Model:
State Space model is used for system identification. Prívara, et al. [208, 209] proposed a
subspace model for system identification and building operation performance forecasting.
Jiménez and Madsen [210] in their research study outlined and compared a variety of linear
and stationary stochastic models used for modeling the thermal characteristics of buildings and
building components. It was found by their research study that while applying non-linear
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regression model, impulse response function and state space form model for modeling building
physical systems, the continuous–discrete time stochastic state space model can provide a
strong context in terms of system identification.
This type of model requires a short time to tune and can be effortlessly extended to MIMO
systems [20]. This type of model can be used to investigate the dynamic characteristics of the
system over a wide range of conditions that is crucial for the control system design [211]. In
addition, it reflects the relationship between the input and the output variables in the model in
a very clear way and above all, the model can be expressed in the form of a matrix that is
convenient for computer calculation [211]. However, this subspace state-space method,
alongside with its advantages has some drawbacks such as: the input of the system might not
excite the system on satisfactory number of frequencies [212], some key feature or
characteristics of the physical essence of the system might be lost in data, and natural character
of the data might create substantial statistical problem [153].
Very few literatures can be found on state space model implemented in HVAC system.
Kulkarni and Hong [213] proposed state-space method to model the building system and thus
described the dynamic characteristics by developing the building simulation by means of
implementing the simulation code on MATLABTM. They considered a building as a thermal
network. However, their model was rather an incomplete model covering only winter season
and hence, only the heating system was taken into account. Also, Prívara, et al. [214] used
subspace state-space method to identify the building model for MIMO. However, their
identification process lacked the persistence of the excitation or the excitation itself. On the
other hand, Yao, et al. [211] constructed a state-space model for reviewing the transient
behavior of the vapor compression liquid chiller. It was concluded by this study that this model
can be applied for fast predictions of dynamic characteristics of the key parameters, finding
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control rules and designing good control system for the refrigeration system, and for
developing a dynamic response toolbox for chillers.
Geometric Model:
Geometric models use mathematical methods to model real objects using computer graphics
and computer-aided design (CAD) [22]. They represent a system through the use of twodimensional (2D) or three-dimensional (3D) geometric shapes such as curves, surfaces, and
volumes [20, 22]. The spline surfaces i.e. Hermite-splines, Bezier-splines, B-splines and the
thin plate spline (TPS) are very common tools used in geometric modeling [22]. The thin plate
splines having the smooth features and a good ability of extrapolation can effectively be used
to interpolate scattered data. The thin plate spline performs a special function to map the inputoutput data [215]. TPS has particular merits and demerits compared to ANN. One of the
positive sides of TPS is that it is not affected by initial conditions [20, 22]. On the other hand,
TPS is sensitive to the noise present in the data on which it interpolates and becomes
computationally expensive as the data size increases [215]. Not many literatures can be found
on this type of model, especially in HVAC system the application of this type of model is rare.
Case-Based Reasoning:
Case-Based Reasoning (CBR) approach is suitable for a nonlinear and ill-defined system [20].
These models find similar past cases to construct the models [216]. The models mature with
time and add data to the case-base online to increase the future prediction performance [20].
Topological case-based modeling (TCBM) is a distinguishing CBR technique in which the
models are built on a subset of data instead of the whole data [20]. Nishiguchi, et al. [215] used
TCBM to compress the measured raw data as well as to reduce the measurement noise and
thus, minimized the computational cost of generating and revising the model. Tsutsui and
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Kamimura [217] built a TCBM to monitor and analyze chiller system performance
deterioration.
While using this model it is easy to distinguish between interpolation and extrapolation [151].
However, the case-base should be comprehensive to cover all the input cases [20]. This type
of model is not very popular as the model suffers from the problems related to the unseen cases
[20, 22].
Stochastic Model:
Stochastic models can deal with the random processes of the HVAC systems that act as random
variables, and these processes can be modeled using the probability density functions (PDF)
[20, 22]. Examples of Stochastic model include simulation of occupants’ time schedules and
activity level [218, 219].
One of the important features of stochastic model is the versatility of its application to many
physical processes that can be approximated to standard normal and uniform distributions
although a large amount of data is a prerequisite for that [20, 22]. Moreover, the model cannot
provide accurate predictions if the probability density functions (PDF) is not modeled properly
[20, 22].
The majority of research studies have utilized stochastic models in their simulation work,
however, in real applications, their research findings may not coincide with actual performance.
Page, et al. [219] represented the influence of occupants on the building by stochastic models
which emphasized on occupants’ time schedule and their interacting level with their indoor
environment. They revealed that their proposed model (due to related metabolic heat gains),
along with other associated behavioral models which use occupants’ presence as an input, have
direct influences on building energy consumption. However, their model did not take into
account the unnatural peaks arising from repeating the same pattern for each occupant and the
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displacement of occupants from one zone to another. Besides, Oldewurtel, et al. [6] developed
a stochastic model for building climate control and later analyzed it while taking into
consideration the uncertainty arising from utilizing the weather prediction data. While their
simulation result has established the model as a very effective way of controlling building
climate, its performance in real practice still needs to be investigated. Sun, et al. [218]
developed a stochastic model for overtime occupancy based on measured occupancy data from
an office building which shows that this model can be used to generate occupant schedules
during overtime as an input to building energy simulations. Still, there is a necessity of
improving the model by including the overtime characteristics of occupants on weekends and
holidays.
Instantaneous Model:
Just in Time (JIT) is an instantaneous model comprising a statistical and a pattern model to
find the patterns in previous data similar to the current data [20]. Iino, et al. [220] proposed the
“hybrid modeling” approach with physical and JIT model for building thermal load prediction
and optimal energy saving control. The JIT model used by this study to predict the thermal
load demand curve based on weather prediction in the normal case did not work well when a
new event took place which was not included in the past data. Their result showed that in
summer season JIT model performed good thermal load estimation as the weather condition
was stable; however, on a unique weather day thermal load estimation by this model was not
good.
JIT model can be applied for modeling the other HVAC components such as cooling coil, and
chiller from the measured data. In order to implement JIT technique effectively, a large
database is required and also the search takes a longer period if the number of parameters is
large [20].
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Table 2 gives a summary of main surveyed studies on data-driven model focusing on the field
of application, main task, outcome, and accordingly remarks/recommendations have been
made.
Table 2: Summary of main surveyed studies on data-driven models
Types of

Reference

Data-

Field of

Main Task

Outcome

Remarks

application

driven
models
Ruano, et

Indoor

Predictive

Achieved a good

al. [164]

temperature

control of air-

indoor

control

conditioned

temperature

system.

regulation that
reduced energy
consumption

Ferreira, et

Building

Optimize the

Approximately

Occupants’

al. [176]

HVAC

energy usage

50% energy was

schedule can be

system

while

saved

integrated into the

maintaining

model for

indoor thermal

improving the

comfort

HVAC control

ANN

system
Garnier, et

Building

Satisfy the

Showed

There is a

al. [154]

thermal

thermal

improvement in

necessity for

comfort

comfort index

both building

investigating the

of a non-

energy

predictive strategy

residential

efficiency and

in the real system.

building

thermal comfort

Huang, et

Indoor

Survey the

Achieved more

al. [87]

temperature

importance of

accurate

control

considering

prediction results

convective heat than a singletransfer
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zone model.

Kulkarni

Building

Optimization

Described the

The model is only

and Hong

heating and

of the

dynamic

applicable in

[213]

cooling

controller to

characteristics of

winter season.

system

maintain the

the building

thermal
comfort while
minimizing the
State

energy

Space

consumption.
Prívara, et

Building

Identify the

Identified the

The model suffers

al. [214]

temperature

model for

model to be used

from one of the

control

MIMO system

in MPC to

drawbacks as

control the

stated earlier.

indoor
temperature of
building.
Page, et al.

Effect of

Identify the

Occupants’

The model can be

[219]

occupants

patterns of

presence has

improved by

on the

occupancy

direct influence

considering the

building

on building

movement of

energy

energy

occupants from

consumption

consumption

one zone to
another.

Oldewurtel, Indoor

Building

Stochastic MPC

It is necessary to

et al. [6]

climate control

was able to

validate the model

directly capture

by a real system.

temperature
control

Stochastic

the uncertainty
of the weather
forecast in its
control decisions
Sun, et al.

Effect of

Improve the

The model

Occupants’

[218]

overtime

accuracy of the

represented the

overtime

occupancy

building

influence of

schedules on

on building

energy

occupants’

weekends and

simulations

overtime

holidays can be

schedule on

included in the
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energy

building energy

model for further

consumption

consumption.

improvement in
simulation result.

5.3 Gray-box model
The gray box models which can be regarded as the combination of white box and black box
models, developed from the idea of overcoming the shortcomings of both of these models [21].
The basic structure of the model is formed from physics-based methods while the model
parameters are determined by using the parameter estimation algorithms on the measured data
of the system. In fact, there are some physical processes of the HVAC system that are less
clearly defined by the thermodynamic equations and at the same time certain information or
adequate training data are lacking. In this case, gray box or hybrid model is the most effective
evaluated to date. This approach is especially beneficial for control applications when the
model is expressed in a suitable form such as transfer function or state space [90].
Ghiaus, et al. [90] developed a hybrid model in a linear form to represent a constant air volume
AHU without dehumidification that can be used to improve its control function. To achieve
separation of elemental transfer functions for avoiding coupling between humidity and
temperature, the model was developed based on the assumption that each element changes only
one variable: variations in temperature difference take place in the cooling coils while changes
in humidity ratio difference occur in the humidifier. This indicates that the cooling coil is under
dry operating conditions and in the humidifier air temperature is constant. However, in real
practice these assumptions are not achievable [21].
Afram and Janabi-Sharifi [221] developed a gray-box model for the residential HVAC system
for representing the effects of on/off controllers on the energy consumption of the total system.
The recent more advanced controllers (e.g., PID, MPC) and energy conservation strategies
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(e.g., set-point reset, passive/active thermal energy storage) often used in existing HVAC
system were not integrated into their model.
Vaghefi, et al. [222] motivated by the practical limitations of simulation-based optimizations
developed a hybrid forecast model from physics-based and data-driven model to forecast
optimal heating and cooling set point values. The combined forecast model was then used in
an MPC framework to control heating and cooling set points that ultimately reduced the total
energy cost and thermal discomfort penalty at the same time. However, it was not an adaptive
model. Also, the variation in occupancy level, heat transfer due to inter-correlation between
zones, and zone surface phenomena were not considered by this model.
The gray-box modeling approach proposed by Braun and Chaturvedi [35] used a transfer
function with parameters and was constrained to satisfy a simple physical representation for
energy flows in the building structure. The model was used to predict the transient cooling and
heating requirements for the building. The model and training method were extensively tested
for different buildings and locations using data generated from a detailed simulation program.
It was established by this study that one to two weeks of data is sufficient to train a hybrid/gray
box model to predict transient cooling or heating requirements accurately.
Table 3 gives a summary of main surveyed studies on gray box model focusing on the field of
application, main task and outcome and accordingly remarks/recommendations have been
made.
Table 3: Summary of main surveyed studies on Gray box/Hybrid model
Reference

Field of

Main Task

Outcome

Remarks

application
Ghiaus, et al. [90] AHU

Improve the

Developed a

Due to lack of

control of

constant-air-

combination

constant-air-

volume AHU

between

volume AHU

model

temperature and
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humidity in the
cooling coil and
humidifier the
model can be said
not practical
enough to use in
real system.
Afram and

Residential

Represent the

The developed

The model can be

Janabi-Sharifi

HVAC system

effects of on/off

models had high

upgraded by

controllers on the

accuracy and

integrating more

energy

were able to

advanced

consumption of

predict the output

controllers and

the HVAC

variables

energy

system

precisely.

conservation

[221]

strategy into the
model.
Vaghefi, et al.

Heating/cooling

Control heating

The obtained set

The performance

[222]

coil

and cooling set

point values

of the model can

points

reduced both

be improved by

total energy cost

taking into

and thermal

account

discomfort

occupants’ time

penalty at the

schedule and

same time.

thermal
interaction
among zones.

6. Discussion and Summary
The whole structure of HVAC plant is very complex where time-varying system dynamics,
slow-moving processes with time delays and non-ideal behavior of actuators are prevailing.
Thus, substantial disturbances, constraints, and uncertainties are imposed by running the total
HVAC system dynamics. The necessity of appropriate modeling comes from the requirement
of handling disturbances, constraints, and uncertainties existing within the HVAC system
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dynamics. At the very beginning of this paper HVAC system components and the
characteristics of its system parameters have been introduced and simultaneously the
importance of accurate modeling to deal with this highly non-linear system dynamics has been
demonstrated. Next, the function of performance comparison metrics has been defined.
Afterward, the modeling techniques used in HVAC system has been categorized, defined and
critically reviewed to ascertain the application and feature of individual modeling techniques.
To what extent these modeling techniques are suitable to implement in real system has been
revealed through this review. Also, the approach, role, outcome and shortcomings of some of
the existing studies/developed models where these modeling techniques have been used, are
identified. From the above sections the strengths and weaknesses of these modeling techniques
have been revealed which will be briefly described in this section to perform a comparative
study among these modeling techniques. Besides, studied modeling techniques will be
compared based on four performance criteria which are very important for selection of
modeling techniques to apply in HVAC system. Lastly, recommendations will be drawn in this
section which will be beneficial for future research studies.
6.1

Comparison of modeling techniques based on weakness and strength

Based on the extensive literature review the weaknesses and strengths of three basic modeling
techniques used in HVAC systems are identified which is important to know during model
selection. From the above sections it is established that physics-based modeling technique uses
a large number of mathematical equations derived from physical and chemical laws of
conservation. Therefore, it is necessary to understand the physical behavior of the parameters
and operational processes of the system to develop this type of model. Since this type of model
is developed based on certain assumptions its prediction capability is not so accurate and
ultimately when the system is constructed and operated, it does not perform according to its
design intent. In addition, detailed physics-based modeling is very complex and involves
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iteration processes to develop. On the contrary, this type of model holds some positive features
such as ease of analysis, robust generalization capability and requirement of less training data.
From the discussion in Section 6.1, some major shortcomings of physics-based models
associated with research studies are revealed which are as follows:
• Some of the models provided very poor prediction accuracy due to the involvement of
excess numbers of assumptions. As a result, the resulting design did not perform in
accordance with the model.
• Some of the models can be expressed as insufficient because of not taking into account some
important parameters or operating conditions with respect to those models. On the other
hand, some models have been developed considering all necessary physical parameters and
operating conditions. As a result, the dynamic relationship between the system and the
ambient disturbances were better identified by these models and provided much more
information about the system dynamic behaviors. However, while executing, those models
were found too complex to be implemented in real-time, affordable systems.
• Most of the developed models were SISO type which is unable to represent the multivariable
interactions in HVAC system.
• Some of the models were found steady-state or quasi-steady-state which is not suitable for
handling high-frequency disturbances and dealing various HVAC design problems.
When sufficient training data is available and inputs are within the training range, black box
modeling technique can provide high accuracy, and also its simple structure makes them
applicable for real-time operation and control. This type of models completely relies on training
data and often suffers from poor generalization capability. To develop this type of model it is
not necessary to have a good understanding of the system physics.
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From the discussion in Section 6.2, some major limitations of different types of data-driven
models associated with research studies of HVAC system and building thermal comfort are
identified and listed below:
• To avoid complicacy within the model some key parameters or operating conditions were
not considered in some models.
• Many models have been developed considering the whole building a single zone to avoid
the phenomena of thermal interaction among adjacent zones.
• It is hard to achieve good prediction accuracy using statistical model in HVAC system or
building indoor air quality control although this type of model has performed successfully
to describe the greenhouse behavior during most of the year. Furthermore, using a limited
range of data in model development is not reliable to predict e.g., indoor temperature,
relative humidity, etc.
• In some cases the model has not been validated by applying in a real system.
• The identification process using the subspace state-space method may lack the persistence
of the excitation or the excitation itself.
• The model describing the dynamic characteristics of the building can be considered
incomplete when seasonal variation is not covered by the data.
Gray-box/hybrid model is developed from the necessity of overcoming the shortcomings of
both black-box and white-box model. Therefore, this type of model holds many benefits such
as high accuracy, easy generalization capability, less complexity and low computational cost
and ultimately, can deliver good control performance. However, to develop a gray box/hybrid
model more effort is required as the model development process involves the implementation
of both governing equations and a large amount of training data.
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From the discussion in Section 6.3 some major shortcomings of hybrid models associated with
research studies of HVAC systems and building thermal comfort are pinpointed and listed
below:
⎯ Some of the models were developed based on some assumptions which are not achievable
in real system.
⎯ Some of the models can be considered as incomplete because targeted at simplification
some of the important factors e.g. variation in occupancy level, heat transfer among
adjacent zones etc. of indoor thermal comfort were not taken into account during model
development.
⎯ Sometimes the model does not hold the flexibility to use in other HVAC systems.
Table 4 provides a comparative study of three basic modeling techniques on the basis of their
weaknesses and strengths.
Table 4:

A comparative study of three major modeling techniques based on weakness and strength

Modeling

Weakness

Strength

Technique

Studies

Physics based

• Complex [21, 25, 223]

(white box/

• Iteration process is often required [25, • Represents the system

mathematical/
forward)
model

Research

• Easy to analyze [21, 22]

32].

more closely [20]

• Completely relies on the knowledge of • Have better
the process and the physical laws

generalization capability

governing the process [20, 25]

[20, 86, 221]

• Requires

specification

of

many • Requires less training

physical parameters [25, 35, 89]

data [25]

• Involves assumptions that may not
hold in practice [25, 223].
• Requires understanding of the system
physics [86, 221]

72

Lü [224];
Ghiaus and
Hazyuk [101];
Badescu and
Sicre [225];
Badescu and
Staicovici [226];
Badescu, et al.
[227]; Scotton,
et al. [228]; etc.

• Poor accuracy [86, 221].
Data driven

• Less flexible [32]

• Simple [25, 32]

Yiu and Wang

(black box/

• Require a significant amount of

• Coincides with real-time

[37];

empirical/
inverse)
model

training data [25, 35].
• May not always reflect the actual

operation and control

Mustafaraj, et

[21]

al. [42];

• Does not require

physical behavior [25, 228]
• Can give unrealistic or non-physical

understanding of the

results when the inputs are outside the

system physics [21, 25,

training range [20, 21, 25, 229]

86, 153, 221]

• Suffer from the poor generalization

• Provides good
prediction accuracy [32,

capabilities [86, 221]
• Most of these models cannot ensure

86, 221]

Romero, et al.
[89]; Chen, et al.
[56]; Kusiak, et
al. [44]; Hou, et
al. [230]; Hu, et
al. [231]; Afram
and JanabiSharifi [86];

stable performance prediction [25,

Chintala and

35].

Rasmussen [41];
Wei, et al.

• Entirely dependent on the

[160]; etc.

measurement data of the input and
output variables [20, 86, 153, 221]
Gray box
(hybrid)
model

• Requires more effort to develop [22,
86]

• Possesses high accuracy
[22, 221]

• Accuracy strongly depends on the
richness of data used to train the

• Easy to generalize [22,
221]

model [25]

• Well adapted to perform
optimization [229]
• Comparatively less
complex [25]
• Comparatively less
computational costs [25]
• Covers limited
extrapolation outside the
range of the training
data [25].
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Afram and
Janabi-Sharifi
[221]; Braun
and Chaturvedi
[35];
Leephakpreeda
[232]; Zhao, et
al. [58];
Vaghefi, et al.
[222];
McFadden, et al.
[233]; Ghiaus, et
al. [90]; etc.

• May provide good
control performance
[25]

6.2 Based on performance criteria
This section analyzes the performance of three basic modeling techniques by making a
comparison based on four performance criteria: prediction accuracy, generalization capability,
training data requirement, complexity level that are very important in terms of model selection.
During model selection it is desired that prediction accuracy and generalization capability are
high leveled while for other two performance criteria: training data requirement and complexity
level, low level is desirable. However, depending on the objective of research study and
available facility any of the performance criteria can be compromised and accordingly suitable
modeling technique can be identified. For example, at the design stage of HVAC system
training data is not available. In that case physics-based modeling technique is the only way to
predict and analyze the HVAC system dynamics. On the other hand, data-driven model requires
high training data which is only possible to record when the system is present and running.
Still, the data-driven modeling technique is very popular because of its simplicity and generally
providing high accuracy in the prediction although this is not true for all types of data-driven
model. Yet, sometimes it necessitates for improving the performance of the system through
balancing between energy consumption and thermal comfort level which is not possible with a
data-driven model when sufficient training data is not available. In that case, gray box model
is very effective. Table 5 gives a clear picture about the main features of these modeling
techniques.
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Table 5: Comparison of three basic modeling techniques based on performance criteria
Modeling

Prediction

Generalization Training

Complexity

Technique

Accuracy

capability

Level

Data

Research Studies

Requirement
Physics based

L

H

L

H

[20-22, 25, 84,

(white box/

86, 146, 221,

mathematical/

234]

forward) model
Data driven (black

H/ M/ L*

L/ M**

H

L

H

M

M

M

box/ empirical/
inverse) model
Gray box (hybrid)
model
Note: The letter H, M, and L stand for High, Medium and Low respectively.

High prediction accuracy is given by gray-box and some types of data-driven model followed
by other types of data-driven model except the statistical type (Table 5). The prediction
capability of physics-based and statistical model is low. On the other hand, physics-based
model holds high generalization capability, followed by gray-box and some types of datadriven model. Other types of data-driven model possess medium generalization capability. The
structure of gray-box is not so simple or complex and necessitates medium amounts of training
data during model development compared with the other two modeling techniques. On the
contrary, physics-based model requires low amounts of training data and its complexity level
is high if all necessary physical parameters and operating conditions are considered while datadriven model is opposite to that. That means data-driven model requires huge amounts of
training data and its structure is quite simple.
6.3 Recommendation
From a critical survey of the literature on different models used in HVAC system, it is revealed
that almost every model has a major/minor shortcoming generated from either assumptions or
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unmeasured disturbances or any uncertainties in some properties. It is a very challenging task
to develop an accurate and effective model for the HVAC system without any downside.
However, if the limitations of developed models used in HVAC system can be identified
properly and minimized accordingly, these models can provide better results and effectively
take part in building energy conservation in the near future. Some points have been suggested
below to overcome the limitations of these models. These points may act as guidelines for
future research studies in this area.
The identified shortcomings of physics based, data-driven and hybrid models can be overcome
to some extent by taking into consideration some important points during model development
which are listed below:
Physics-based model:
-

While developing physics-based models attention should be given on using least numbers
of assumptions.

-

The physics-based model should be simplified or detailed based on the objective of any
research studies. However, important parameters or operating conditions that have major
impacts on the performance of that model should not be overlooked.

-

The models for HVAC system should be MIMO type especially the zone model so that it
can handle the dynamic thermal processes within the zones and the interaction with the
environment because of the continuous variation of the external and internal environment
of the zone.

-

The developed model must be applicable and relate with the concept of efficient running
of HVAC components in real system.

Data-driven model:
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⎯ During model development, relevant important parameters and operating conditions must
be taken into account.
⎯ While developing model for multi-zone building, the model should not be simplified to
single zone to ignore the effect of thermal interaction among adjacent zones.
⎯ A statistical model is not suitable where high prediction accuracy is required.
⎯ The proposed model should be validated by a real system.
⎯ This study also aligns with the statement drawn by Prívara, et al. [214] that is the drawback
of state space model can be possibly overcome by generating artificial data that already
contains desired properties.
⎯ It is very important to cover the seasonal variation by the data while developing any model
that represents building dynamic conditions.
⎯ Among different types of data-driven modeling technique appropriate model should be
selected based on their features and ease of application. It is also important to choose
between linear and non-linear depending on the purpose of the model. For example, to
estimate the thermal parameters of physical models linear parametric models can be used
while for getting an adequate description of the thermal characteristics nonlinear model is
required.
Hybrid model:
⎯ The developed model must be free from any assumptions that may lead the model to
uncertainty to implement in real system.
⎯ Since the ultimate objective of HVAC system is to provide thermal comfort, therefore
during model development the important factors of thermal comfort must not be
overlooked.
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⎯ The model must be adaptive in real system.
⎯ During model development recent energy conservation strategies and advanced controllers
of HVAC system should be integrated.
7. Conclusion
To improve the energy efficiency of buildings, appropriate application of advanced control
strategies in Heating, Ventilation, and Air-conditioning (HVAC) systems is important.
Selection of suitable modeling techniques and appropriate modeling of the whole HVAC
system are two vital tasks on the way to improve the functionality of the control system, lessen
building energy consumption and enhance indoor thermal comfort. Therefore, in-depth
knowledge on the role, application, merits, shortcomings and outcomes of different modeling
techniques used in HVAC systems is important for the selection and design of an appropriate
model. From an extensive literature review, this study identifies the strengths and weaknesses
of various modeling techniques and the shortcomings of some of the existing studies/developed
models, resulting in recommendations. Comparing three basic modeling techniques based on
the performance criteria, the study found that each modeling technique has both positive and
negative features for consideration when selecting a technique for model development. For
example, in physics-based modeling minimizing the number of assumptions results in better
outcomes while the data-driven models benefit from larger datasets.
Following the recommendations, this study could be of use as a guideline for the building
research community or energy management personnel in order to select the most suitable
modeling technique dependent on the objective of the research study or available facility.
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Summary and Link to the Next Chapter
The second chapter titled, “Modeling techniques used in building HVAC control systems:
A review”, presents a critical review of current modeling techniques used in HVAC systems
regarding their applicability and ease of acceptance in practice and summarizes the strengths,
weaknesses, applications and performance of these modeling techniques. Comparing three
basic modeling techniques based on the performance criteria, the study found that each
modeling technique has both positive and negative features for consideration when selecting a
technique for model development. For example, in physics-based modeling minimizing the
number of assumptions results in better outcomes while the data-driven models benefit from
larger datasets. Additionally, the performance and outcome of some of the developed models
used in real world HVAC systems are discussed in this chapter.

From the extensive critical review, it is evident that almost every model has a major/minor
shortcoming generated from either assumptions or unmeasured disturbances or any
uncertainties in some properties. It is a very challenging task to develop an accurate and
effective model for the HVAC system without any downside. However, if the limitations of
developed models used in HVAC system can be identified properly and minimized
accordingly, these models can provide better results and effectively take part in building energy
conservation in the near future. The study identified the shortcomings of physics based, datadriven and hybrid models and probable recommendations have been drawn from that to
improve the performance of the models. To address the 3rd and 5th objective of this study
presented in Chapter 4 and Chapter 6 this paper acted as a guideline to select the best-suited
modelling technique on the way to improve the performance of the HVAC system. Also, the
suggested points specific to individual modelling techniques assisted in further improvement
of the performance of developed models presented in Chapter 4 and Chapter 6.

106

To implement the best suited modelling technique in the HVAC applications it is necessary to
study a real-world building featuring time-varying system dynamics and set-points, complex
interaction between the temperature and humidity control loops and at times conflicting control
loops to give a real value to its control system. In this regard, this research performs a survey
of the energy management system of a real commercial building as presented in Chapter 3
through a process of studying necessary documents, reviewing the Building Management
system via the Graphical User Interface (GUI) and performing walk through audit of the energy
management facility. The investigation provides salient information of the study building
including operational strategies of AHUs, present energy management control system,
historical background of the energy management facility, problems existing within the system
and opportunities to improve the performance of HVAC system.
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Abstract
An efficient energy management system in commercial/institutional buildings can reduce
energy consumption and operational cost and provide a comfortable and healthy indoor
environment. However, without incorporating energy-efficient technologies and analysing the
resulting performance the building energy management system may not provide effective
control over energy consumption and the indoor environmental conditions. To verify system
performance, it is necessary to study the building energy efficiency, examine building indoor
environment and investigate existing operational strategies. This can eventually give the actual
energy scenario of the building exploring problems existing within the system and
opportunities for further upgrade paths that are both technologically and economically
sustainable. To get the actual scenario of building energy management facilities, an
institutional building of Murdoch University, Australia that incorporated state of the art
technologies in the last two decades will be studied in this paper. Through this case study
analysis salient information is revealed that will bring benefits to the energy management
personnel as well as researchers in this area.
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1. Introduction
Efficient energy management strategies can play an important role in controlling and
monitoring energy usage as well as improving building indoor environment in commercial and
institutional buildings. Research shows that implementing efficient energy management
strategies can lead to 5-15% energy savings in existing buildings [1]. This significant
percentage of energy saving opportunity has heightened attention among policymakers and
researchers with a view toward increasing energy efficiency and reducing GHG emissions in
buildings [2, 3].
The technology of building energy management system (BEMS) is getting sophisticated with
time enabling better control over energy consumption, healthy and comfortable indoor
environments and reducing operational cost [4]. Heating, ventilation and air-conditioning
(HVAC) system controlled by BEMS is a major contributor to energy consumption in
commercial and institutional buildings. Historically HVAC systems were used to maintain the
satisfactory thermal comfort level inside the building, lately the need for providing visual
comfort to the occupants and preserving indoor air quality has increased especially with the
revolution of technology [5]. This competing requirement of HVAC system demands effective
and efficient operation to improve the energy efficiency, thermal and visual comfort level and
indoor air quality.
In fact, a potential for energy savings resides in the use, control and interaction of appliances
and domestic devices, in order to get their maximum efficiency during normal operation [6].
And the contribution of energy management system (EMS) in this regard is unescapable.
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However, BEMS are often incorrectly regarded as a fit and forget system. An efficient BEMS
can turn into an inefficient one without a routine basis maintenance and upgrade [7]. Therefore,
it is the demand of efficient EMS to upgrade after reasonable time interval to maintain
consistent performance [1]. This technological advancement of BEMS must comply with
Energy Management Control (EMC) legislation and more importantly, keep pace with any
modifications to the building structure. To evaluate the effectiveness of any EMS and its
existing strategies, it is very important to study the performance of energy consumption,
examine building indoor environment and investigate existing operation strategies. However,
building energy performance and indoor environmental condition depends on building specific
information such as geographic location, building type, size, age, occupancy schedule,
operation and maintenance, energy sources, utility rate structure, building fabric, service
systems, etc [7]. Therefore, this information can guide in future for optimal retrofit solutions
or upgradation opportunities. One of the good ways of collecting this information is performing
preliminary case study. Through case study analysis it is possible to evaluate if the operation
results are satisfying design expectations and to identify opportunities to improve the energy
efficiency that will lead to sustainable building energy consumption [8, 9].
Murdoch University Energy Management system established in 1974 has been upgraded on
need basis with efficient equipment and advanced control system to ensure efficient
performance and to maintain economically viable operational cost. This research will study the
EMS of this University to understand the chronological development of building energy
management technology and its application to energy management facilities in institutional
buildings. The aim of this study is to identify if there is any scope for improving the
performance of the existing HVAC system and the energy efficiency of the study building that
is technologically and economically sustainable. To achieve the goal this study will collect the
building specific information, investigate the operational strategy of AHU of the study
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building, gather information about operation, maintenance and upgradation history of the
energy management facility of University, examine the strategy of existing HVAC control
system and identify problems existing within the system. Based on preliminary case study
analysis some possible upgradation opportunities will be revealed in this study that are
apparently technologically and economically sustainable. These opportunities will be assessed
in further studies to quantify the economic and indoor environmental benefits. The benefits
achieved through resulting upgradation of the EMS of Murdoch University will be also
quantified in further studies through data analysis to determine the economic and
environmental outcome of applied technology.
2. Methodology of investigation
The methodology of investigation has been selected and developed based on the aim of this
case study. This study performed a survey of the energy management system of an institutional
building facility through a process of studying necessary documents, reviewing the Building
Management system via the Graphical User Interface (GUI) and performing walk through audit
of the energy management facility. The flow chart as shown in Figure 1 depicts the consecutive
approaches to achieve the goals.

Information
collection

Review the
project
document

Examine the whole
system input/output
from server

Outline the
parameters that
represent the system

Develop chronological scenario
of HVAC system in Murdoch
University

Perform a walkthrough of the energy
management facility

Download data of the
selected parameters
from trend log

Analyse the trend of
the system and
operational strategies

Pinpoint any existing
problem within the
system

Identify opportunities
for further upgrades

Figure 1: Flowchart showing methodology of investigation
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Obtain weather data

3. Outcomes of investigation
The investigation provided in depth information of the study building, operational strategies of
AHUs, present energy management control system, historical background of the energy
management facility, problems existing within the system and opportunities to improve the
performance of HVAC system. This information is portrayed in the following subsections:
3.1. Building Description
To verify any existing problems with the HVAC control system, this research focuses on
current Energy Management Facility of Murdoch University as a case study. The Murdoch
University Library North building has been selected for the preliminary case study analysis.
The test building, as shown in Fig. 2, is a multi-storey 5873 m2 Gross Floor Area, 3853 m2
Useable Floor Area building comprising four levels with different activity schedules.

Fig. 2: The Murdoch University Library North Building
The Table 1 provides detailed information about the building configuration and occupancy
working schedule. Note this building has no level 1.
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Table 1: Building configuration and occupancy working schedule
Level

2

3

4

5

Total

Gross

1468

1468

1468

1,1468

5873

North Elevation fully solar

Gable end metal sheet roofing

Floor
Area (m2)
Building

North, East and west elevation North elevation floor-ceiling

Wall /

concrete retaining wall

single glazed “shopfront” type

shaded by ambulatory roof.

fixed to metal purlins with

Construc

230mm, with 50mm cavity

windows.

North elevation as South

50mm anti con insulation.

tion/

and North – 92mm

North Elevation fully solar

Elevation level 2

Ventilated ridge and eaves

Thicknes

blockwork, East and West

shaded by ambulatory roof

West Elevation 190mm Block

s

200mm blockwork. South

West Elevation 190mm Block

work. East elevation 190mm

work. East elevation 190mm

Blockwork. East elevation

Blockwork – 50mm cavity -

party wall with B351.

92mm blockwork -50mm

South Elevation as level 2

elevation approximately ½
elevation area 100mm
blockwork with 250mm
cavity. ½ elevation area 48
single glazed anodised
aluminium framed windows –

cavity – 190mm blockwork.
South Elevation as level 2

no thermal break
Height

3.45m FFL slab to slab

3.45m FFL slab to slab

3.45m FFL slab to slab

Ventilated loft space

Occupant 24/7

Weekday: 8am-11pm

Weekday: 8am- 5:pm

Plant and storage

Time

Weekand:10am-5pm

Schedule
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3.2. Operational Strategies of AHUs in Study Building
The library building is served by a variable air volume air conditioning system. The building
consists of two air handling units (east and west) in total. These air handling units are controlled
by the building management system (BMS) facilities through time scheduling. Each air
handling unit (AHU) as shown in Figure 3 is equipped with one centrifugal return air fan
modulating return air, an exhaust air and an outside air intake dampers, an automatic time
switch operated dry media roll filter, one centrifugal supply air fan, two banks of cooling coils
and two banks of heating coils. Air is supplied from AHU to variable air volume (VAV) boxes
through two ducts: perimeter and centre. There are sixty-two VAV boxes in total located in the
ceiling space of the three floors. The electronic VAV controller of each VAV box contains a
single blade damper. When the temperature in any particular zone falls below the thermostat
set-point, the electronic VAV controller on the corresponding VAV box modulates the damper,
thus reducing the air flow to the zone until equilibrium is achieved. The system is capable of
modulating through the full range of 0% to 100% air flow.
Control of all zones in the central zone of the building is maintained by VAV box alone and
the supply air is controlled to a fixed temperature which is set via an algorithm that looks at the
status of all VAV box loads.
In view of the higher degree of fluctuation in the load on the perimeter zones, the control units
for the perimeter zones are fitted with resistive electric reheat banks on the discharge from the
units. These reheat banks are controlled via the corresponding VAV controller.
The control program for AHU has been designed in such a way that several control strategies
can be implemented. When ambient conditions are conducive, it becomes more economical to
use a high percentage of outside air and a low percentage of return air. Therefore, in this
situation, economy air cycle turns on. This economy air cycle can operate in conditions
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dependent on the call for cooling or heating and corresponding ambient conditions. In addition
to the economy cycle, each conditioner includes a warmup cycle and a night purge cycle.

Return Air
Fan

Exhaust/Relief
Air Damper

Heating and
Cooling Coils

Outside Air
air
Outside
damper
Intake
Damper

Supply Air
Fan

Heating and
Cooling Coils

Figure 3: Schematic of the AHU

3.3. Chronological development
The building management system of Murdoch University has been upgraded chronologically
and many obsolete product lines have been replaced time to time to comply with EMC
legislation and to minimize the risk of failure from older components of the system. The Table
2 gives a brief list of major installed equipment, modification of control systems and the
outcome achieved through this upgradation.
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Table 2: Chronological development of building management system of Murdoch University
Year

Control

Installation of primary equipment

System

/system upgradation

Purpose of upgrade

Benefits achieved

1974

Pneumatic

Original system controls

1991

Installed

TAC Pacific EMS Direct Digital

To facilitate more reliable and

building

Control system upgrade

flexible programmable control via

features such as time-scheduling, more

algorithms and PID loops

accurate control over space temperature.

management
software

• Provided a powerful data gathering

I/NET
1992

• Improved reliability and additional control

mechanism.
• One 2.2 MWr centrifugal watercooled glycol chiller

To add extra capacity to cope with
demand

• Higher Coefficient of System
Performance in comparison to existing
centrifugal chillers

• Underground ice tank farm for
thermal storage with a capacity of
10,000 kWh
• A cooling tower
1999

• Two 1.1MWr Trane air cooled

To improve efficiency at low demand

• Gave consistency in flow temperatures

e.g winter season

• Improved efficiency

• One 2.5 MWr Centrifugal Chiller

To add Extra capacity to cope with

Improved efficiency

• A cooling tower

demand

screw chillers
2004
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2007

Variable Speed Drive (VSD)

To provide incremental control over

• Improved efficiency

air volumes

• Improved temperature control and air
quality

2010

To meet the cooling load for the

• Improved efficiency

extended portion of the campus.

• Satisfied demand

Some mechanical works to AHU’s –

In need of refurbishment of

• Provided lost functionality

Louvres etc.

mechanical components at end of

• Improved efficiency

One 4.4 MWr Trane Chiller

2011

life.
2013

2014

Boiler upgradation after 40 years

After 40 years’ reliability and

• Lowered gas consumption

performance issues were apparent

• Improved reliability

Upgraded

Energy metering has been installed on

Some of the obsolete controllers of

This allowed the analysis of seasonal chiller

from I/NET to

all chillers, secondary chilled water

DDC did not comply with current

performance and chiller staging them to be

SBO

pump and gas fired boilers.

EMC legislation.

optimised for system efficiency.

(StruxureWare Several buildings have been
Building
subdivided
Operation)

• To improve the communications
response, reduce risk of a failed

• Improved communication response
• Reliable global variable transmission has

board and allow an upgrade path in

enabled global set-point such as variable

more manageable chunks.

Master Temperature Set Point dependant

• To transmit global variables

on ambient conditions.

reliably
• Upgraded to SBO to enable
consistency in trend logging across

118

• Superior trend logging capabilities
• Enabled data for use in historical

similar types of equipment.

analytics, fault finding, and efficiency
initiatives.

.

• Enabled implementation of best practice
algorithms
• Enhanced programming features and
GUI
• Improved customer satisfaction due to
better thermal comfort, indoor air quality
and fault management response.
2015

Addition of pressurisation and

• To reduce Chilled Water (CHW)

• Reduced cavitation at secondary and

vacuum de-aeration systems to

starvation at the extremities of the

campus chilled water reticulation

network on high CHW demands.

• Increased heat exchange efficiency at

enabling conversion from an open

• To reduce corrosion in the system

chiller evaporators and AHU coils.

head system to a closed system.

• To reduce air entrainment in the

primary chiller pumps.

system due to marginal positive
head on high demand days.
2016

Improvement in system performance due to
continuous commissioning

2017

IAQ sensors

Identify VOC levels

Expected benefits are to identify VOC
levels and dilute with a higher percentage
of outside air thus improving indoor air
quality.
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3.4. Existing AHU control system
The current HVAC system of the study building is operated and controlled by the Energy
Management Facility of Murdoch University by using SBO system. The following steps are followed
to provide the necessary inputs to the system.
(i) The system looks at outside air enthalpy and compares it with indoor air enthalpy to define the
operational strategy of AHU;
(ii) AHU supply temperature set point is determined by the load of VAV box;
(iii) System air pressure is maintained and dependent on the time-schedule of each floor.
3.5. Problems existing within the system
•

Difficulty in establishing the mapping between input and output variables of the current HVAC
system due to physical constraints.

•

Large differences in heat load in different spaces although air is passing through a common duct
for those spaces. This is vastly different from the original open plan design intent.

•

After modifications to certain spaces at the studied institutional building, the newly created spaces
were serviced by the existing HVAC system with mostly minor modifications to plant. However,
the system response was not modelled, and the resulting performance has not been analysed.

3.6. Opportunities Identified
Based on preliminary survey of the energy management facility of Murdoch University following
opportunities have been identified that can improve the performance of the HVAC system by
optimizing energy efficiency, and building indoor thermal comfort level and IAQ:
•

Some of the key factors e.g. CO2 concentration, VOC affecting the building indoor air quality
and occupants’ comfort can be integrated with the current EMC system to improve the system
reliability.
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•

Building indoor environmental conditions and energy consumed by HVAC system can be
predicted to use them in Model Predictive Control (MPC) system.

•

MPC system can be integrated with the existing Proportional Integral Derivative (PID) controller
for improving the performance of the Building Automation System (BAS).

4. Conclusion
It is very important to get an insight about the historical background of the energy management system
of a building facility and current operational strategies and controlling method of AHUs to investigate
the effectiveness of this system and to explore further upgradation opportunities. This study
undertaken a preliminary case study analysis in an institutional building and revealed how the studied
EMS and its control have been upgraded chronologically to cope with EMC legislation, technological
revolution, to meet concurrent increasing heating and cooling load and to improve operational
strategy. This has eventually delivered better control over building indoor environment and energy
consumption. Still there are some problems existing within the studied system that have been revealed
though this investigation and further improvement opportunities have been discovered. The outcome
of resulting upgradation and the improvement opportunities identified through this case study analysis
will be quantified in further studies in terms of economic and building indoor environmental benefits.
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Summary and link to the next chapter
The 3rd Chapter titled “Technological Advancement of Energy Management Facility of
Institutional Buildings: A Case Study” presents an extensive survey of the energy management
facility of the case building. The problems existing within the system and the opportunities for further
upgrade paths that are both technologically and economically sustainable are revealed and discussed
through this study.

According to this case study, there are some problems such as difficulty in mapping between input
and output variables of the current HVAC system, large differences in heat load in different spaces,
etc. existing within the HVAC operating and control system. Based on the shortcomings revealed
through case study, potential opportunities have been outlined in terms of HVAC energy efficiency
and occupants’ satisfaction regarding indoor environmental conditions. As for instance, some of the
key indoor environmental parameters e.g. CO2 concentration, VOC can be combined with the current
HVAC control system to improve the system reliability. Building indoor environmental conditions
and energy consumed by HVAC system can be predicted to use them in the Model Predictive Control
(MPC) system. Finally, MPC system can be integrated with the existing Proportional Integral
Derivative (PID) controller for improving the performance of the Building Automation System
(BAS).

Based on the findings from this case study this research sets up the subsequent objectives as detailed
in Section 1.4. The 3rd objective of this research is addressed in Chapter 4.
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Abstract
The importance of predicting building indoor temperature is inevitable to execute an effective energy
management strategy in an institutional building. An accurate prediction of building indoor
temperature not only contributes to improved thermal comfort conditions but also has a role in
building heating and cooling energy conservation. To predict the indoor temperature accurately,
Artificial Neural Network (ANN) has been used in this study because of its performance superiority
to deal with the time-series data as cited in past studies. Network architecture is the most important
part of ANN for predicting accurately without overfitting the data. In this study, as a part of
determining the optimal network architecture, important input parameters related to the output has
been sorted out first. Next, prediction models have been developed for building indoor temperature
using real data. Initially, spring season of Australia was selected for data collection. During model
development three different training algorithms have been used and the performance of these training
algorithms has been evaluated in this study based on prediction accuracy, generalization capability
and iteration time to train the algorithm. From results Lovenberg-Marquardt has been found the bestsuited training algorithm for short-term prediction of indoor space temperature. Afterwards, residual
analysis has been used as a technique to verify the validation result. Finally, the result has been
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justified by applying a similar approach to another building case and using two different weather
datasets of two different seasons: summer and winter of Australia.
© 2017 The Authors. Published by Elsevier Ltd.
Peer-review under responsibility of the scientific committee of the 9th International Conference on Applied Energy.

Keywords: Prediction; Indoor temperature; Artificial Neural Network (ANN); Performance
improvement.
1. Introduction
Building energy consumption is regarded as one of the major energy consuming sectors in the world.
Improvement of building energy efficiency provides both environmental and economic benefits. To
achieve an optimum level of energy consumption in buildings, it is importance to implement
appropriate operational and management strategies along with installation of efficient energy systems
[1]. Appropriate operational and management strategies necessitate continuous monitoring and
management of the time series data of the important parameters affecting building energy
consumption. As a part of continuous monitoring and management of energy consumption in existing
buildings, prediction plays an important role [1]. It is a kind of dynamic filtering, in which past values
of one or more time series are used to predict future values. Indoor air temperature is the most
important parameter of building indoor thermal comfort and significantly influences building energy
consumption [2]. The prediction of the indoor air temperature of a building can contribute to reducing
building heating and cooling energy consumption.
To achieve an effective energy management strategy in institutional buildings, an accurate indoor
temperature prediction model is essential. It can provide a set of future boundary conditions and
targets, which can guide a building facility manager to optimize the indoor temperature set-point so
that ultimate improvement in building energy consumption and indoor thermal conditions are
achieved. It also provides an initial check for facility managers and building automation systems to
identify any inconsistency between the expected and actual indoor space temperature. The prediction
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algorithm can also be integrated with smart sensors and predictive control system and train them for
future scenarios [3]. Moreover, an accurate indoor space temperature prediction model can be
combined with other building simulation models e.g. energy models to generate useful operating
variables.
Different modelling techniques are available in literature to predict the building indoor temperature.
The analytical or physics based models are usually computationally complex [4-6], necessitate
specification of many physical parameters [5, 7, 8] and may result in poor prediction accuracy because
of the involvement of assumptions that may not exist in real practice [9, 10]. On the contrary, datadriven models completely rely on experimental data [9-12] and provide good prediction accuracy
when sufficient training data is available [9, 10, 13]. Since the ultimate aim of this research is to
optimize the indoor environmental conditions of an existing institutional building for which sufficient
data log is available, therefore, based on the characteristics of existing modelling techniques it is more
appropriate to apply data-driven modelling technique to predict indoor space temperature.
From existing literature on prediction model where data-driven modelling techniques have been used,
it is evident that nonlinear models such as neural network are more effective than linear models for
prediction of indoor temperature [14-16]. Among different data-driven non-linear modelling
techniques Artificial Neural Network (ANN) has proved performance superiority in predicting indoor
space temperature [17, 18] and therefore, this modelling technique has become more popular in recent
years. Numerous studies have been using ANN for predicting building indoor temperature. Mba, et
al. [19] used ANN to predict the air temperature in a building and showed the best performance of
the prediction model in terms of correlation coefficient which is 0.9850 when the network structure
was 36-10-2 (i.e., 36 input neurons, 10 neurons in one hidden layer and 2 output neurons in one output
layer). Gouda, et al. [17] developed indoor air temperature prediction model using ANN and then this
predicted value was utilized as input in the Fuzzy Logic to reduce overshoots of air temperature and
energy consumption and found better result compared to PI controller. Suitability of ANN for
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predicting indoor temperature was examined by Lu and Viljanen [18] and found satisfactory results
with correlation coefficient 0.998 and mean squared error (MSE) ranging from 0.239-1.9242 in the
testing stage. However, this study did not perform residual analysis which is an important part of
validation. If that analysis was done, those residuals might have some degree of correlation with past
data and inputs as some important information like heating power and ventilation rate were missing
in the network. Numerous studies [12, 18, 19] concentrated on increasing the step-ahead in
predictions without much compromise with the prediction accuracy. Several studies [12, 19] focused
on identifying the exact number of hidden neurons as a way to avoid overfitting caused by the
network. During model development using ANN, different studies have used different training
algorithms to train the network. Mba, et al. [19] and Mustafaraj, et al. [12] used Lavenberg-Marquardt
training algorithm while Moreno, et al. [20] used Bayesian Regularization in their indoor temperature
prediction model. Levenberg-Marquardt is regarded as the fastest training algorithm and confirms the
best convergence to a minimum of mean square error (MSE) for function approximation problems
[21]. On the other hand, Bayesian regularization modifies and minimizes a linear combination of
squared errors and weights so that the resultant trained network has good generalization qualities.
For large problems, however, Scaled Conjugate Gradient performs better than other two training
algorithms. However, no comparative studies have been found in literature where the performance of
these training algorithms has been evaluated to determine which training algorithm best suits with
building indoor and weather data and how these algorithms perform with the change in the size of
datasets.
Despite the efforts of past studies, there are still issues with modelling such as selection of all
important and identical input parameters, performance evaluation of prediction model using three
different training algorithms which will be addressed in this paper. Categorization of all relevant and
identical input parameters that can completely represent the outputs helps in optimizing the network
architecture and this eventually provides an accurate prediction model. The performance of a
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prediction model using three different training algorithms will be analyzed in this study based on
statistical performance matrices e.g. Mean Squared Error (MSE) and Regression (R) for limited size
of data sets. MSE indicates the error in prediction while R provides an indication of data fitting with
the network. And the best-suited training algorithm in terms of prediction accuracy, generalization
capability and iteration time will be identified from this study which will be cross-validated later by
performing residual analysis. Finally, to compare the initial findings similar approach will be applied
to another building case and two different weather datasets will be used.
2. Methodology
Modelling was carried out in three steps as follows:
2.1 Data collection, processing and sorting of input variables related to output
To identify the input parameters for the indoor space temperature prediction model, a time series 5
minutes interval real-time data of 25 relevant parameters was collected for a period of 13 days starting
from 1 October, 2016 representing the spring season of Australia. The selection of 25 relevant input
parameters was primarily performed based on domain knowledge. Next Neural Fitting tool was used
to sort out the more relevant input parameters among 25 parameters based on the results of network
performance where individual input parameter has been used to estimate the output. The network
performance has been analysed using the performance metrics MSE and R.
2.2 Selection of problem type and network structure
To predict the building indoor temperature Nonlinear Autoregressive with External (Exogenous)
Input (NARX) has been chosen because of the characteristic of this network that aligns with data
availability of this study. The characteristics of NARX is to predict future values of a time series y(t)
from past values of that time series and past values of a second-time series x(t) and can be written in
the form:
y(t) = f (y (t – 1), ..., y (t – d), x (t – 1), ..., (t – d))
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(1)

Where,
d=Number of time delays,
x(t) = Input time series,
y(t) = Output time series.
The network used in this study has is a two-layer feedforward network, with a sigmoid transfer
function in the hidden layer and a linear transfer function in the output layer.
2.3 Training, testing, validation of network and identification of the best-suited training algorithm
The first step in a time-series neural network analysis is training. It involves modification of the
synaptic weights until the predicted output is close to the measured actual output. That means in the
training step the network is adjusted according to its error. A defined set of relationship between the
neurons across various layers is formed after the training step. This relationship can be used to predict
new outputs with a new set of input data. Next validation was done to measure network generalization,
and to halt training when generalization stopped improving. The last step in the network analysis is
testing which has no effect on training and so provided an independent measure of network
performance during and after training.
In this study the total 3347-time steps time series data for each input and output parameter have been
divided into three portions training (70%), validation (15%) and testing (15%) of total data.
The training step starts with selection of training algorithms. In this study three different training
algorithms e.g. Levenberg-Marquardt, Bayesian Regularization, Scaled Conjugate Gradient were
used. The performance of each training algorithm was evaluated based on the value of MSE and R.
Lastly, residual analysis was conducted to cross-validate the results.
3. Results and Discussion
3.1 Sorting of input variables based on relevance with output parameter
The important and unique input variables were sorted out from 25 primarily selected input variables
based on relevance with the output parameter. Based on the results of MSE and R, building indoor
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temperature set-point and outdoor temperature were found the most important parameters to predict
the indoor space temperature followed by wind speed, wind direction, dew point temperature,
barometric pressure, relative humidity and solar radiation. However, in the absence of any of these
eight input parameters the network did not provide satisfactory prediction accuracy.
3.2 Selection of best-suited algorithm
The straight regression lines between the predicted and observed data are presented in Fig. 1. The
value of R shows the correlation between the observed and predicted values for building indoor
temperature and provides an indication of data fitting with the network. Since one of the main
problems of ANN is that it can over-fit the data therefore, regression analysis is very important to
validate the network. From Fig. 1 it is seen that Lovenberg-Marquardt and Bayesian Regularization
training algorithms give slightly better fit compared with Scaled Conjugate Gradient.
(a)

(b)

(c)

Fig 1. Regression lines between observed and predicted values for building indoor temperaturs (Ti) (a)
Lovenberg-Marquardt, (b) Bayesian Regularization, (c) Scaled Conjugate Gradient

The comparison of NARX networks’ results for three different training algorithms are presented
in Table 1.
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Table 1. Comparison of results using three different training algorithms for ANN architecture 8-10-1 (for
October)
Step

MSE

R

Iteration time (sec)

Lovenbe Bayesia

Scaled
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Scaled

Love

Bayesi

Scaled

rg-

n

Conjuga

rg-

n

Conjuga
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Conjug

Marquar

Regulari
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Marquar

Regulari

te

g-

Regula

ate

dt

zation

Gradient dt

zation

Gradient Marq
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Gradie

n

nt

uardt
Traini

2.617e-3

2.521e-3

3.942e-3

9.968e-1

9.969e-1

9.953e-1

2.522e-3

0.000e-0

4.095e-3

9.967e-1

0.000e-1

9.946e-1

ng
Valida
tion
Testin

2
2.831e-3

2.866e-3

3.799e-3

9.966e-1

9.965e-1

9.952e-1

2.63e-3

2.62e-3

3.94e-3

9.968e-1

9.965e-1

9.952e-1

39

2

g
All

The developed predicted model has good generalization capability since the performance of the model
is consistent in all stages: training, validation and testing using different training algorithms (Table
1). Good generalization capability indicates that the model is not too complex to cause overfitting
and that the network architecture used in this study is optimal in terms of the number of input signals,
output parameters and number of neurons in the hidden layer. Besides, the mean squared error which
indicates the accuracy of a prediction model is calculated for three different training algorithms and
illustrated in Table 1. From Table 1 it is found that both Lovenberg-Marquardt and Bayesian
Regularization can provide high prediction accuracy while the prediction accuracy of the indoor
temperature model using Scaled Conjugate Gradient is slightly low.
In case of using large datasets to train the network, iteration time is an important factor in selecting
the training algorithm. As shown in Table 1 Scaled Conjugate Gradient algorithm and LovenbergMarquardt algorithm can train the network much faster than the Bayesian Regularization.
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Therefore, according to the analysis done in this study, Lovenberg-Marquardt is the best-suited
training algorithm based on prediction accuracy, generalization capability, data fitting with the
network and iteration time for short-term prediction of indoor space temperature.
3.3 Cross-validation through residual Analysis
Residual analysis is used to cross-validate the result, and this is done by plotting error autocorrelation
function. Figure 2 shows the error autocorrelation function of the prediction model for the studied
training algorithms. It describes how the prediction errors are related with time. For a perfect
prediction model, there should only be one nonzero value of the autocorrelation function which
indicates the MSE, and it should occur at zero lag. For Figure 2a and 2b the correlations, except for
the one at zero lag, fall approximately within the 95% confidence limits around zero, and therefore,
these two models can be said to be acceptable. However, in Figure 2c there is a significant correlation
in the prediction errors. So, the performance of this model is not satisfactory. Hence, the result of
residual analysis aligns with the result found in previous section of this study.
(a)

(b)

(c)

Figure 2. Plot autocorrelation of errors across varying lags using different training algorithms (a)
Lovenberg-marquardt, (b) Bayesian regularization, (c) Scaled conjugate gradient.
3.4 Justification of result
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From the results found in previous sub-section it can be said that Lovenberg-Marquardt is the bestsuited training algorithm in terms of prediction accuracy, generalization capability and iteration
time to train the algorithm. To justify this result, a similar approach has been applied to another
building case and different weather datasets of two different months: January and July representing
two different seasons: summer and winter of Australia have been collected for the selected
parameters and used in the model. For both months 5 minutes interval 5473 timesteps of 8 input
elements and one output element have been randomly divided into three portions: 70% training,
15% validation and rest of the 15% testing. Table 2 gives a comparison of NARX networks’ results
for three training algorithms where different building indoor and weather datasets have been used.
Table 2a. Comparison of results using three different training algorithms for ANN architecture 810-1 (for January)
Step

Trainin

MSE

R

Iteration time (sec)

Lovenbe Bayesia

Scaled

Lovenbe

Bayesia

Scaled

Lovenbe

Bayesi

Scaled

rg-

n

Conjuga

rg-

n

Conjuga

rg-

an

Conju

Marquar

Regulari

te

Marquar

Regulari

te

Marquar

Regula

gate

dt

zation

Gradient dt

zation

Gradient dt

rizatio

Gradie

n

nt

3.286e-3 3.076e-3 3.760e-3 9.969e-1 9.972e-1 9.966e-1

g
Validati

3.190e-3 0.000e-0 3.960e-3 9.973e-1 0.000e-1 9.965e-1

53

on
Testing

3.597e-3

4.130e-3 3.750e-3

9.969e-1 9.963e-1 9.965e-1

All

3.32e-3

2.62e-3

9.97e-1

3.79e-3

9.97e-1

515

423

9.97e-1

Table 2b. Comparison of results using three different training algorithms for ANN architecture 810-1 (for July)
Step

MSE

R

Iteration time (sec)

Lovenbe Bayesia

Scaled

Lovenbe

Bayesia

Scaled

Lovenbe

Bayesi

Scaled

rg-

n

Conjuga

rg-

n

Conjuga

rg-

an

Conju

Marquar

Regulari

te

Marquar

Regulari

te

Marquar

Regula

gate

dt

zation

Gradient dt

zation

Gradient dt

rizatio

Gradie

n

nt
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Trainin

4.492e-3 4.363e-3 6.923e-3 9.980e-1 9.981e-1 9.970e-1

g
Validati

5.511e-3 0.000e-0 8.670e-3 9.977e-1 0.000e-1 9.960e-1

on
Testing

5.857e-3 4.882e-3 6.560e-3 9.973e-1 9.979e-1 9.970e-1

All

5.09e-3

4.52e-3

7.15e-3

9.98e-1

9.98e-1

72

1498

517

9.97e-1

From Table 2a and 2b it can be said that the results found using different datasets aligns with the
results as shown in Table 1. As shown in Table 2a and 2b, Scaled Conjugate Gradient training
algorithm gives comparatively lower prediction accuracy and lower value of R for indoor space
temperature model than Lovenberg-Marquardt and Bayesian Regularization algorithms. Besides,
Lovenberg-marquardt algorithm can train the network much faster than Bayesian Regularization.
4. Conclusions and future work
From this study, it is established that sorting of the relevant input parameters and using the best suited
training algorithm provides improvement in a building indoor temperature prediction model. This
study confirms that identifying the relevant input variables and sorting them based on the relevance
to represent the building indoor space temperature are the key steps to determine the optimal network
architecture which in turn gives good prediction accuracy. For both building cases and for all different
datasets used in this study Lovenberg-Marquardt has been found the best-suited training algorithm to
predict the indoor space temperature in terms of prediction accuracy, generalization capability and
iteration time to train the algorithm.
This study is still in preliminary stage, and further investigation is needed in the following areas:
▪

Evaluating the performance of the training algorithms by varying the size of datasets and network
architecture and comparing with existing similar research studies.

▪

Developing a long term building indoor temperature prediction model for three different seasons:
winter, summer and spring.
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Highlights
•

The proposed input selection method can efficiently determine the input parameters.

•

The model performance improves by considering all relevant key aspects.

•

Prediction performance deteriorates quite drastically after a certain time span.

•

The proposed model provides good prediction performance till 28 days ahead.

Abstract
Indoor environmental parameters have significant influence on commercial building energy
consumption and indoor thermal comfort. Prediction of these parameters, especially that of indoor air
temperature, along with continuous monitoring and control of real-world parameters can aid in the
management of energy consumption and thermal comfort levels in existing buildings. An accurate
indoor temperature prediction model assists in achieving an effective energy management strategy
such as resetting air temperature set-points in commercial buildings. This study examines the real
indoor environmental data for multiple adjacent zones in a commercial building in the context of
thermal comfort and identifies the possibility of resetting air temperature set-point without
compromising the occupant comfort level. Also, the value of predicting the indoor temperature
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accurately in such a building is established through this case study. This study presents a nonlinear
autoregressive network with exogenous inputs-based system identification method to predict indoor
temperature. During model development efforts have been paid to optimize the performance of the
model in terms of complexity, prediction results and ease of application to a real system. The
performance of single-zone and multi-zone prediction models is evaluated using different
combinations and sizes of training datasets. This study confirms that evaluating the performance of
the model in the context of major contributing aspects such as optimal input parameters and network
size, optimum size of training data, etc. offers optimized model performance. Thus, when the
developed model is used for long-term prediction, it provides better prediction performance for an
extended time span compared to existing studies. Therefore, it is anticipated that implementation of
this long-term prediction model will offer greater energy savings and improved indoor environmental
conditions through optimizing the set-point temperatures.
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1. Introduction
Building sectors are responsible for consuming around one-third of the total primary energy resources
around the world [1, 2] and releasing 30% of global CO2 [2]. Energy used by the building sector is
increasing over the years due to the broader application of HVAC systems in response to the growing
demand for better thermal comfort within the built environment. Therefore, improvement in building
energy efficiency is essential considering the environmental and economic benefits the resultant
action can offer. However, improving the building energy efficiency may create a multi-faceted
problem if the resulting outcome cannot maintain the quality and comfort of the indoor environment
to a satisfactory level [1]. To overcome this problem, it is essential to maintain an optimum level of
energy consumption in buildings that does not detrimentally affect thermal comfort levels or indoor
air quality. This can be achieved by implementing an effective management system [3]. This system
performs the task of energy optimization through applying suitable operational strategies, controlling
and monitoring the energy usage and the indoor environmental conditions, and maintaining the
building indoor environment to a satisfactory level [4] .
Research shows that implementing efficient energy management strategies can lead to 5-15% energy
savings in existing buildings [5]. As a part of continuous monitoring and management of energy
consumption in existing buildings, prediction of indoor environmental parameters plays an important
role [3]. Of the various indoor environmental parameters such as air temperature, air humidity, CO2
concentrations, etc. air temperature is the most significant parameter relating to indoor thermal
comfort and influences building energy consumption significantly [6]. A real-time accurate predictive
model for indoor temperature assists in efficiently controlling the indoor temperature set-point. This
eventually optimizes the building energy consumption and improves the indoor thermal conditions
[7].
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To accomplish effective energy management strategies in commercial buildings, such as buildings
located in University campus, an accurate indoor temperature prediction model is necessary. It
provides a set of forthcoming boundary conditions and targets, manages initial checking and identifies
any inconsistency between expected and actual situations [8]. An accurate indoor temperature
predictive model also improves and deepens understanding of such systems. The prediction algorithm
can be integrated with smart sensors and predictive control systems and train them for future scenarios
[8].
1.1 Related Work:
1.1.1

Modelling Techniques used to predict Indoor Temperature and associated parameters

Modelling techniques used in the literature have gradually become more sophisticated with the
objective of improving the performance of prediction models. Numerous studies e.g. Mba, et al. [9],
Li, et al. [10], Lu and Viljanen [11], Ashtiani, et al. [12] etc. have concentrated on improving the
performance of indoor temperature predictive models combined with application in the real world.
Prior to data-driven modelling techniques physics-based modelling techniques were used vastly to
control the building indoor environment. However, these types of models do not accurately reflect
existing building systems due to the following reasons: complex characteristic of the model [13-15],
the need for detailed information about the physical parameters [14, 16, 17] and purely theoretical
assumptions leading to poor prediction accuracy [18, 19]. Modern Building Management Systems
(BMS) have the ability to simultaneously capture and store large quantities of sensor data and use
them as a real-time reference for controlling system operation. The availability of large amounts of
time-series data from real systems has enabled data-driven modelling to flourish in recent years. Datadriven models possess certain characteristics such as simplicity, capacity to deal with large data-sets,
high accuracy in prediction although this is not strictly true for all types of data-driven model [20].
Numerous studies, e.g. [9, 10, 21-27] etc.used data-driven techniques such as data mining algorithms,
statistical approaches to predict indoor temperatures, building thermal load or HVAC energy
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consumption.. Mba, et al. [9] presented an ANN-based approach for predictions between one day and
one month in advance of the hourly indoor air temperature of a modern building in a hot-humid
climatic region. They found good prediction results for one day ahead prediction with the correlation
co-efficient 0.985. An Elman neural network multi-step prediction model for building indoor
temperature was presented by Li, et al. [10]. The study proposed a control method for indoor
temperature based on that model. Also, Özbalta, et al. [22] and Fan, et al. [21] developed models for
predictions of daily mean indoor temperature and building energy consumption respectively. Lü, et
al. [24] demonstrated a methodology for energy demand forecasting that addresses the heterogeneity
challenges in energy modelling of buildings. Different methods were used to predict building cooling
load e.g. hourly building cooling load prediction model based on support vector machine with root
mean square error ranging from 0.006-1.182 [25], a dynamic forecasting model for building cooling
loads that combines an artificial neural network with an ensemble approach [23], deep learning-based
methods to predict 24hr ahead building cooling load profiles [26]. von Grabe [27] used neural
networks (NN) to predict thermal sensation votes on the ASHRAE scale and identified that it
outperforms the classical PMV index in terms of prediction quality and the range of information
contained in the prediction.
Several past studies e.g. [11, 12] made comparisons between different data-driven modelling
techniques in predicting indoor space temperature or other relevant parameters and found better
prediction result for Artificial Neural Network (ANN). Lu and Viljanen [11] examined the suitability
of ANN for predicting indoor temperature and found satisfactory results with correlation coefficient
0.998 and mean squared error (MSE) ranging from 0.239-1.9242 in the testing stage. Ashtiani, et al.
[12] conducted a cross-comparison study to evaluate the performance of two indoor dry-bulb
temperature predictive models based on regression technique and ANN. Their results showed a better
prediction accuracy for the ANN model. However, prediction of indoor temperature involves dealing
with time series data which adds the complexity of a sequence dependence among the input variables.
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An influential type of neural network designed to handle sequence dependence is called recurrent
neural networks (RNN). Nonlinear autoregressive network with exogenous inputs (NARX) is a
special case of RNN. This network is also called the further extension of the Time-Delay Neural
Network (TDNN) since this network considers not only its own previous outputs but also incorporates
the exogenous inputs, and this is equivalent to a neural network version of the generalized time series
model [28]. NARX network already proved to be a very effective modelling tool for nonlinear
systems especially dealing with time series data-sets as cited in previous studies e.g. [29-32] and
possesses certain superior characteristics such as faster convergence and better generalization
capabilities than other networks. To predict indoor temperature, a NARX model outperforms the
linear auto-regressive model with external inputs (ARX) since temperature is governed by nonlinear
diffusion equations [33].
1.1.2 Selection of Input Parameters
The selection of input variables is an important part of model development. It helps to minimize the
risk of over-fitting, reduce the computation costs, retain or moderately improve the model
performance, and identify the inherent dimensionality of a given problem [34].
Despite large number of studies used neural network to predict or forecast indoor environmental
parameters limitations to those models’ applicability persist because of the involvement of large
numbers of input parameters. Using excess or redundant input parameters creates unnecessary
complexity, increases the probability of overfitting the network and decreases the computation speed
during the execution of the model. On the other hand, an insufficient number of inputs effects the
prediction performance of the model. In ANN modelling this task is generally paid less attention and
in some cases it is observed that inputs are selected on an ad-hoc basis or using a past system
knowledge. During input selection Huang, et al. [35] considered the energy input from mechanical
cooling, ventilation, weather change, and in particular, the convective heat transfer between the
adjacent zones and included the relevant input parameters on an ad-hoc basis. Also Ashtiani, et al.
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[12] selected influential input parameters for indoor temperature predictive models on an ad-hoc
basis. Selection of input parameters without following any methodological approach can result in the
inclusion of insufficient or excess input parameters, both of which are undesirable [36]. The
importance of this input selection has already been recognized by some past studies e.g. [37-41].
According to Macas, et al. [40] 20-40% of inputs can be eliminated without adversely affecting
prediction performance. Yadav, et al. [41] and Talebi, et al. [39] adopted the sensitivity analysis
technique to exclude less relevant input parameters. The Pearson simple correlation coefficient
method was used by Guo, et al. [38] to calculate the correlation coefficient between two variables
and to select the variables with high correlation to form the feature sets of the energy demand
prediction model. On the other hand, Maier, et al. [37] reported that during development of ANN
models the issue of input independence is important for extracting meaningful information about
fundamental physical processes from trained ANN models and this has rarely been addressed in
recent studies. Therefore, to overcome the problem of redundant input parameters there is a need to
explore the issue of selecting independent input parameters along with sorting the more relevant input
parameters. The constructive stepwise model building process where the input parameters are added
sequentially has been found the most prominent example of filtering – an approach to account for
input independence [37]. To the best of the authors’ knowledge, the potentiality of this approach to
select the input parameters in building indoor temperature prediction is still unknown.
1.1.3 Approaches used to improve the performance of the model
To improve the performance of Neural Network (NN) based predictive models many additional
techniques and analysis have been conducted by previous studies. The influence of the training
sample size on the prediction was studied by Macas, et al. [40]. This study explored the idea that
suitable model complexity is necessary for good predictive performance and its level of complexity
strongly relates to the sample size of the training data. The relation of model tuning and early stopping
with training datasets are investigated here. However, the number of input and output parameters has
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a significant impact on model complexity and performance along with size of training data. Therefore,
it is necessary to investigate the performance of the model using different combinations and number
of training data which have not been addressed in previous studies.
With respect to improving the performance of the neural network predictive model, few studies
concentrated on adjusting the network size, in other words which is called a model tuning approach.
For instance, Mba, et al. [9] focused on identifying the exact number of hidden neurons as a way to
avoid overfitting caused by the network. However, this model tuning approach has been often applied
to simulated data [40]. Thus, these analyses lack the effects of many unknown factors such as noise
and constraints leading to an opportunity to study the effects of adjusting network size on real data.
The limitations of the single zone model and the advantages of the multi-zone model were discussed
by Afroz, et al. [20] through a literature survey. Most of the previous studies on prediction of indoor
temperature concentrated on single-zone modelling [11] or made the assumption that the zone
temperature distribution is uniform [42]. As such these models are unable to capture thermal
interaction with adjacent zones. This identifies a need to develop a multi-zone indoor temperature
prediction model which can simultaneously predict the zone temperatures for multiple locations in a
building. On the other hand, in case of single-zone model, multiple models need to be developed to
cover all zones and this is time-consuming. The importance of developing a multi-zone model for
predicting indoor temperatures at different zones has been recognized in very few studies e.g. [35,
43]. However, evaluating the performance of the multi-zone prediction model in terms of the
aforementioned key contributing aspects e.g. using optimum input parameters, optimum network
size, optimum training sample size has rarely been carried out in past studies Therefore, it is necessary
to evaluate the performance of indoor temperature predictive model in the context of key aspects for
two different structured models: Multiple-Input-Multiple-Output (MIMO) and Multiple-InputSingle-Output (MISO) denoting multi-zone and single-zone models respectively.
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As stated by other studies e.g. [11, 33, 44] another important attribute that a network should have, is
a long prediction horizon which implies multi-step ahead prediction of indoor temperatures. This
multi-step ahead prediction is necessary to integrate the model with predictive control strategies for
minimizing building energy consumption e.g. optimal start-stop control, preheating or precooling of
air, load shedding control, demand-limiting control etc. Implementation of suitable predictive control
strategies can lead to energy savings, improved indoor environmental quality and reduced carbon
emissions [35, 45]. Several studies developed multi-step ahead predictive model for building indoor
temperature that showed good prediction performance at different prediction horizons. Mustafaraj, et
al. [33] developed multi-step ahead predictive models for different time-scales (30 min to 3 h ahead)
and compared the accuracy for different step-ahead predictions. In another study Mustafaraj, et al.
[46] demonstrated the potential of using three different neural network-based models to predict room
temperature for different time scales ahead (30 min or 2 h ahead). Lu and Viljanen [11] predicted
indoor temperature for 15mins-1 hr ahead while Shi, et al. [44] proposed a backpropagation (BP)
neural network-based to forecast indoor air temperature 6-72 h in advance. During multi-step-ahead
model development despite some previous studies considered some of the aforementioned key
contributing aspects e.g. Lu and Viljanen [11] and Mustafaraj, et al. [33] considered selection of input
parameters and adjustment of network size, the combination of these aspects has rarely been
considered by these studies. More importantly, the inter-relationships between these key aspects are
not identified by these studies. Therefore, it is necessary to put effort on predicting the indoor
temperature for a longer period with good prediction accuracy by evaluating the influence of
discussed key contributing aspects and considering them during model development.
1.1.4 Summary of the Potential for Improvement of Indoor Temperature Predictive Models
As stated in Section 1.1.2 and 1.1.3 significant effort and good achievement have been made in
improving the performance of such predictive models. Limitations still exist, and the potential areas
for further improvements via this study have been identified:
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•

Investigation of the sequential input parameter selection procedure as stated in Section 1.1.2 with
a view to determining salient and independent input parameters for this model.

•

Investigation of the performance of the model using different combinations of the number of
input and output parameters and number of training data.

•

Study the effects of adjusting network size on real data with a view to making the model more
readily adaptable to real world situations.

•

Evaluating the performance of the model in the context of key aspects for two different structured
models: MIMO and MISO.

•

Extending the prediction horizon for a longer period than those cited in Section 1.1.3 along with
maintaining good prediction accuracy.

1.2 Proposed Indoor Temperature Predictive Model:
Based on the literature survey, this study selects NARX for developing a real time indoor temperature
predictive model. To improve the performance of the model this study concentrates on selecting the
optimum input parameters, optimum numbers of training data and optimum network size. A
sequential feature selection method has been proposed by this study. This method may provide input
independence with an analytical measure of statistical dependence providing input significance. This
study will investigate if this process can determine a reduced set of important and independent input
parameters without compromising prediction performance. Further, this study examines the
performance of single-zone and multi-zone models by setting up different scenarios representing
different combinations of input parameters, output parameters and number of training data. Also, the
performance of single-zone and multi-zone prediction models are evaluated and compared in the
context of network size. Throughout the model development process this study uses real data and
considers the influence of climatic periods on model performance that delivers better performance in
prediction. To identify the relative trends for ambient temperature within each climatic period, a
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comparative study of daily temperature fluctuations over a certain period is conducted at the study
location and correlated with seasonal variations at that location. The influence of discussed key
contributing aspects is considered by this study during model development which ultimately provides
an optimized model performance. Thus, when the developed model is used for long-term prediction,
it provides good prediction performance for an extended time span and this has been established by
comparing the present results with existing studies.
Therefore, the novelty of this study is to evaluate the performance of the indoor temperature predictive
model in the context of inter-relationships between the stated key aspects and develop an optimum
predictive model. Also, the proposed input selection method can be considered as a new approach for
determining the critical input parameters for indoor temperature predictive model. Application of this
approach will lead to minimizing the installation cost of control system in terms of parameter
measurement and data storage. Further, reduced set of input parameters used in the model will
diminish the computational cost and time. Thus, the proposed model establishes its applicability in a
real system for a longer period of advanced prediction.
This paper is organized as follows: Section 2 presents a case study emphasizing analysis of indoor
environment conditions for the study building. In Section 3 the methodology for developing an
accurate indoor temperature prediction model is described. Section 4 discusses the key aspects that
influence the prediction performance of the stated model. Subsequently prediction results are
presented and discussed in Section 5. Lastly, Section 6 concludes with a description of the important
findings and addresses possible future work.
2.

Case Study

University campuses represent particular groups of different buildings, with significant energy
consumption. Therefore, studying a University campus can provide a platform to characterize and
understand energy consumption of varied buildings with variation in building indoor temperatures,
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humidity and occupancy level [47]. Murdoch University situated in Western Australia is considered
as the case study area for this study. The latitude and longitude of this University are -32°03'59.47"
S and 115°50'6.29" E respectively. Its South Street campus consists of 129 core University Buildings
with Gross Floor Area of 127,524 m2 on a campus plot of approximately 2,270,000 m2. The campus
plant rooms are equipped with 3 centrifugal chillers and 2 air cooled chillers with a nominal capacity
of 11.1 MWr in total that meets the cooling demand of the entire South Street campus. Chilled process
water is formed and reticulated across the campus at 7°C flow and 14°C return (nominal values).
BMS distributes a global master temperature set point (MTSP) to all controllers across the South
Street campus.
This University Energy Management system (EMS) established in 1974 has been upgraded on a
demand basis with efficient equipment and advanced control systems to enable efficient performance
and to maintain sustainable operational cost [48]. The substantial upgradation history of this EMS
and other initiatives is summarised in Figure 1.

Figure 1: Upgradation history of studied EMS

2.1

Study Building:
Out of 129 buildings in Murdoch University, the Library North building has been selected as

the study building for a number of reasons. A library building is such a place where the occupancy
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level is not predetermined. Moreover, there is no fixed occupied hour for the occupants. Due to
occupants’ different time schedule the entrance and exit gates remain open frequently. This causes
significant heat loss or heat gain within the indoor environment during the winter or summer period
and this heat effect may not be uniform throughout the building. Therefore, it is necessary to examine
the indoor environment for different zones.
The selected building is a multi-storey 5873 m2 Gross Floor Area, 3853 m2 Useable Floor Area
building comprising four levels as shown in top left picture of Figure 2. The top right, bottom right
and bottom left pictures of Figure 2 illustrate respectively the site plan for that building with its
surroundings, position of the sensors in Level 2 and floor plan for that level. Because of space limit
only the Level 2 floor plan and the snapshot taken from Building Operation Web Station showing the
sensor positions in that Level are shown in Figure 2. The remaining pictures are accumulated in
Appendix A. The latitude and longitude of this building are 32.0675° S and 115.8351° E respectively.
The opening hour in each level is quite unlike. Table 1 provides detailed information about the
building configuration and opening hour in each level.
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Fig. 2: The Murdoch University Library North Building with its site plan, Level 2 floor plan and sensor positions
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Table 1: Building configuration and opening hour in each level [48]
Level

2

3

4

5

Total

Gross

1468

1468

1468

1,1468

5873

Building

North, East and

North elevation

North Elevation

Gable end

Wall /

west elevation

floor-ceiling single

fully solar shaded

metal sheet

Constructi concrete retaining

glazed “shopfront”

by an ambulatory

roofing

on/

wall 230mm, with

type windows.

roof.

fixed to

Thickness

50mm cavity and

North Elevation fully

North elevation as

metal

North – 92mm

solar shaded by an

South Elevation

purlins with

blockwork, East

ambulatory roof

level 2

50mm anti

West Elevation

West Elevation

190mm Block work.

190mm Block

East elevation

work. East

190mm Blockwork –

elevation 190mm

50mm cavity -92mm

Blockwork. East

blockwork -50mm

elevation party wall

cavity – 190mm

with B351.

blockwork.

South Elevation as

South Elevation as

level 2

Floor
Area (m2)

and West 200mm
blockwork. South
elevation
approximately ½
elevation area
100mm blockwork
with 250mm cavity.
½ elevation area 48
single glazed
anodised

con
insulation.
Ventilated
ridge and
eaves

level 2

aluminium framed
windows – no
thermal break
Height

Opening

3.45m FFL slab to

3.45m FFL slab to

3.45m FFL slab to

Ventilated

slab

slab

slab

loft space

24/7

Weekday: 8am-11pm

Weekday: 8am-

Plant and

Weekand:10am-5pm

5:pm

storage

hour for
the
occupants

Note this building has no level 1.
This building is served by a variable air volume (VAV) air conditioning system. There are sixty-two
VAV boxes in total located in the ceiling space of three floors (Level 2, 3 and 4). Each VAV box is
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mounted with a zone temperature sensor. Thus, the study building is divided into several zones based
on the quantity of VAV boxes installed in that building. The flow rate of supply air, i.e., air supplied
to a zone, is controlled through dampers in the VAV box of the respective zone. The air conditioning
system of this building consists of two (east and west) Air Handling Units (AHU) in total. These
AHUs are controlled by the BMS facilities through time scheduling. Air is supplied from each AHU
to VAV boxes through two ducts: perimeter and centre. A modular boiler of capacity 900 kW meets
the heating demand of both the Library North building and another building in the Library precinct.
Because of the time constraint this study only concentrates on Level 2 of the study building for data
analysis. Level 2 of study building comprises twenty-one VAV boxes – 12 VAV boxes controlled by
west side AHU and the rest 9 VAV boxes are controlled by east side AHU (bottom right picture of
Figure 2). As mentioned in Table 1 this Level is bounded on three sides by basement walls with the
remaining facade being approximately 50% cavity wall and 50% metal framed glazing.
2.2

Analysis of Indoor Environmental Condition:

As part of case study analysis, the study building’s indoor environmental conditions are examined
and compared with current ASHRAE Standard 55-2017. The campus BMS calculates a Master
Temperature Set-Point (MTSP) with 20C variable linear band between upper and lower temperatures
dependent on a simple algorithm. This MTSP is distributed as a global to all controllers on the campus
and is selectively used to vary the set point of certain spaces. Critical areas, such as data centres,
animal surgery and recovery areas are exempt and use a fixed setpoint. This MTSP is related to the
outside air temperature (OA-T). The algorithm that is used to control the MTSP is as follows:
OA-T <= 180C MTSP = 22.50C
OA-T >= 320C MTSP = 24.50C
For 180C < OA-T < 320C MTSP linearly scales between 22.5 - 24.50C. Therefore, 22.50C and 24.50C
imply respectively winter set-point temperature (WST) and summer set-point temperature (SST).
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To examine the study building’s indoor environmental conditions for individual zones, whole one
month (June 2017) indoor and outdoor corresponding data are analysed. The analysis suggests
regulating the set-point temperature further for improving the comfort level as well as reducing the
energy consumption from HVAC system. As an example, this study presents one day data analysis
result. From Figure 3 it can be observed that the MTSP is varying throughout the day (9:00 AM
1/6/17 to 9:00AM 2/6/17) depending on the value of OA-T at that time.

Outdoor temp

Effective Setpoint
23.1
23

20

22.9
15

22.8

10

22.7
22.6

5

0
2017-06-01 9:00

22.5
2017-06-01 15:00

2017-06-01 21:00

2017-06-02 3:00

Effective Setpoint (0C)

Outdoor temp (0C)

25

22.4
2017-06-02 9:00

Figure 3: Changes in MTSP with OA-T

Figure 4 below presents a chart showing the changes in indoor temperature at 12 zones corresponding
to individual VAV boxes with the variation in outdoor temperature and MTSP. Data are plotted for
one-day period (9:00 AM 1/6/17 to 9:00AM 2/6/17). Relative humidity is plotted on the secondary
vertical axis for the same day. The chart shows that at different times indoor temperatures at different
zones are not the same even though the supply air temperature set-point for those VAV boxes are the
same. This can happen because of outside weather variations, occupancy level and thermal coupling
with the adjacent space. If this temperature variation between indoor temperature and its set-point
can be minimized it can improve the thermal comfort level. Also, energy consumption can be reduced
by adjusting the set-point further based on outdoor temperature. Research shows that by rising 1°C
in the SST and dropping 1°C in the WST considerable amounts of energy could be saved from 6%
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reduction in HVAC electricity consumption in Australian office buildings [49]. This Figure also
indicates that on the specified day indoor air relative humidity varied by around ±4% from 45%RH.

100.00
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90.00
24.00

Temperature (0C)

70.00

20.00

60.00

18.00

50.00

16.00

40.00

14.00

30.00

12.00

20.00

10.00
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8.00
9:00:00 AM

1:48:00 PM

VAV-02-W-01.Space Temp
VAV-02-W-04.Space Temp
VAV-02-W-08.Space Temp
VAV-02-W-11.Space Temp
Effective Setpoint

6:36:00 PM

11:24:00 PM

Time
VAV-02-W-02.Space Temp
VAV-02-W-05.Space Temp
VAV-02-W-09.Space Temp
VAV-02-W-12.Space Temp
OA-T

4:12:00 AM
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80.00

22.00
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VAV-02-W-03.Space Temp
VAV-02-W-07.Space Temp
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VAV-02-W-13.Space Temp
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Fig.4: Indoor temperature at 12 zones, their setpoint temperature and corresponding relative humidity for a
period of one day
28.50

Temperature (0C)

27.00

25.50

Comfort
zone

24.00
22.50
21.00
19.50

Fig. 5: Ranges of indoor temperature and set-point temperature at 12 zones fluctuated over the selected
period
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According to ASHRAE Standard 55-2017 indoor temperature should be within 67.3-82.76 °F
(approx. 19.60-28.20C) to satisfy thermal Environmental Conditions for Human Occupancy [50].
Figure 5 compares the ranges of indoor temperatures and set-point temperatures fluctuation
throughout the day at 12 zones with ASHRAE Standard comfort zone. This Figure shows that all
ranges of indoor temperature fall under that comfort zone.
Even though the variations in indoor temperature at the studied zones during the course of one-day
period satisfy the comfort level according to a broad range comfort zone, it is necessary to narrow
down the comfort range to improve the thermal comfort satisfactory level and to also optimize HVAC
energy consumption. The specific range of indoor temperature comfort zone depends largely on
relative humidity. With an increase in relative humidity the occupants’ comfort zone changes and it
is shifted towards a lower operative temperature. Additionally, there are some other factors e.g.
metabolic rate, clothing insulation, radiant temperature and air speed that affect thermal comfort
conditions [50]. This study uses graphical comfort zone method to determine the specific range of
comfort zone fulfilling thermal comfort conditions [50]. This corresponds to thermal conditions that
may be acceptable to 80% of the building occupants and is based on a predicted percentage of
dissatisfied (PPD) of 10% (i.e. −0.5 < Predicted mean vote (PMV) < +0.5) and an additional 10%
dissatisfaction due to local (partial body) thermal discomfort. This method is applicable when the
metabolic rates for occupants are between 1.0 and 1.3 met, clothing insulation Icl between 0.5 and
1.0 clo and average air speed (𝑉𝑎 ) not to exceed 0.2 m/s (40 fpm). Since the study building is a library
therefore, it can be assumed that occupants’ general library activities are limited to reading, seated;
writing; typing or filing, seated for which metabolic rate is within 1.3 met. Also, the Graphic Comfort
Zone is limited to a humidity ratio at or below 0.012 kg·H2O/kg dry air (0.012 lb·H2O/lb dry air),
which corresponds to a water vapor pressure of 1.910 kPa (0.277 psi) at standard pressure or a dewpoint temperature tdp of 16.8°C (62.2°F). Therefore, it is necessary to examine if during the stated day
tdp ≤16.8°C.
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Dew point temperature (0C)

18
16

Maximum limit to use graphical comfort zone

14
12
10
8

2017-06-01 9:00 2017-06-01 12:36 2017-06-01 16:12 2017-06-01 19:48 2017-06-01 23:24 2017-06-02 3:00

2017-06-02 6:36

Fig. 6: Changes in dew point temperature over a day

Figure 6 shows that throughout the day dew point temperature was well below 16.8°C. Therefore,
graphical comfort zone method is suitable for this analysis.
Figure 7 below illustrates the range of operative temperatures outlined in the Summer and Winter
graphic comfort zones of the ASHRAE Standard 55 for 0.5 (a short-sleeved shirt and trousers) and
1.0 (a winter business suit) clo clothing levels respectively. However, elevated air speed can be used
to improve comfort beyond the maximum temperature limit of Figure 7.
RELATIVE HUMITY (%)

Fig. 7: Graphic Comfort Zone Method: Acceptable range of operative temperature to and humidity for
spaces that meet the specified criteria [50]
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As the studied data characterizes Winter season, therefore, the outlined ASHRAE Winter comfort
zone for 1.0 (a winter business suit) clo clothing levels has been used in this study to verify more
accurately if all studied indoor temperature ranges satisfy the thermal comfort level. Relative
humidity is considered 45% throughout the specified day as the change in operative temperature due
to ±4% change in relative humidity is negligible (Figure 4). Therefore considering 45%RH and 1.0
Clo the acceptable range of operative temperature is found as 20.5-24.60C as sketched/determined in
Figure 7.
To identify if the studied temperatures comply with winter comfort zone for 45% RH it is necessary
to calculate the acceptable range of indoor air temperature from the acceptable range of operative
temperature as outlined in Figure 7. The relationship between the operative temperature and air
temperature can be expressed by the following equation [51]:
𝜃𝑐 = 𝐻𝜃𝑎𝑖 + (1 − 𝐻)𝜃𝑟

(1)

where 𝜃𝑐 is the operative temperature (°C), 𝜃𝑎𝑖 is the indoor air temperature (°C), 𝜃𝑟 is the mean
radiant temperature (°C), H is the ratio hc / (hc + hr) and (1 – H) is the ratio hr / (hc + hr) where hc and
hr are the surface heat transfer coefficients by convection and by radiation respectively (W.m–2.K–1).
According to ASHRAE 55 thermal environmental conditions for human occupancy [50]
For 𝑉𝑎 < 0.2 𝑚/𝑠 𝐻 = 0.5
Therefore, Equation 1 can be written as
𝜃𝑐 = 0.5 (𝜃𝑎𝑖 + 𝜃𝑟 )

(2)

Since the study building is well insulated and away from direct radiation or from other high
temperature radiant sources the difference between air and the mean radiant temperatures is very
small [51]. Besides all studied zones are situated at the same level (Level 2). Thus, it can be
considered that the air and mean radiant temperatures are almost same.
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Using the value 𝜃𝑎𝑖 ≅ 𝜃𝑟 in Equation 2 it can be derived as
𝜃𝑎𝑖 = 𝜃𝑐
Therefore, considering that air and mean radiant temperatures almost same it is found that operative
temperature is equivalent to indoor temperature. And it is 20.5-24.60C for stated thermal conditions.
Figure 8 illustrates the accepted specific range of indoor temperature comfort zone obtained from
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20.00
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VAV-02-W-11.Space Temp
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VAV-02-W-09.Space Temp

VAV-02-W-08.Space Temp

VAV-02-W-07.Space Temp

VAV-02-W-05.Space Temp

VAV-02-W-04.Space Temp

VAV-02-W-03.Space Temp

VAV-02-W-02.Space Temp

Specific range of indoor
temperature comfort zone

VAV-02-W-01.Space Temp

Temperature (0C)

ASHRAE Standard 55 and compares that with the studied ranges of indoor temperature.

Fig. 8: Bounded area showing specific range of indoor temperature comfort zone

Figure 8 states that not all studied indoor temperature ranges fall within the bounded area for comfort
zone complying thermal conditions. Indoor temperatures at two studied zones e.g. VAV-02-W-01.
Space Temp., VAV-02-W-04. Space Temp. do not satisfy and exceed the specific comfort zone. The
Figure indicates that the lowest limit for these studied indoor zone temperatures is approximately
0.60C higher than the lowest boundary limit for the specific comfort zone. Therefore, if the WST for
all studied zones can be decreased by 0.60C it may reduce the upper limits for the studied zone
temperatures and may also fall within the comfort zone. The decrease in WST will widen the variable
linear band as mentioned before and will eventually reduce the heating energy consumption as
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investigated by Ghahramani, et al. [52] and Hoyt, et al. [53] in their studies. Apart from energy saving
potential, decreasing WST will substantially reduce the peak electricity demand.
Taking into account the energy saving opportunity this study attempts to develop an accurate indoor
temperature prediction model that will guide optimization of the indoor temperature setpoint through
establishing a boundary condition and target. Focused on developing an accurate indoor temperature
prediction model this study concentrates on investigating the influence of key contributing aspects on
model performance and develops model accordingly that ensures optimized model performance.
Therefore, during model development this study focus on good selection procedure of input
parameters, comparison of single-zone and multi-zone prediction performance using different
combination and number of training data and evaluation of model performance for different steps
ahead prediction.
3.

Modelling methodology

The modelling process starts with data collection and ends with model development. There are some
other steps such as division of data based on seasonal variation, data pre-processing and selection of
input parameters which carry out the modelling process. All steps are discussed in detail in the
following subsections.
3.1

Data collection:

BMS provides an extensive range of data for building modelling. However, not all categories of data
are related to output. Therefore, there was a need to primarily select some input parameters that relate
to output parameters based on domain knowledge. In the proposed model, the output is indoor zone
temperature.

162

Figure 9: Overview of the data collection process

At the first stage 25 input parameters as listed and briefly discussed in Table 2 are separated from a
wide variety of datasets. Subsequently, the whole one year 5 minutes interval real time series data of
the selected variables (related to HVAC equipment, AHU and VAV Control Unit) are retrieved from
the BMS [54] and Murdoch University Weather Station [55] (see Figure 9).
Table 2: Description of input and output parameters
Parameter Type

Parameter Name

Description

Unit

Output Parameter

IA-T

Indoor Air Temperature

0

Principle Input

IAT set-point

Indoor air temperature set point

0

Parameters

SASP set-point

Supply Air Duct Static Pressure set point

Pa

CHWC-VLV

Chilled Water Coil Valve Position
(Perimeter, Centre) - Open
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C
C

%

HWC-VLV

Centre) - Open

%

CHW-DP

Chilled water differential pressure

kPa

RA-RH

Return Air Humidity

%

RA-T

Return air temperature (Perimeter, Centre)

0

SAF-S

Supply Air Fan Speed

%

L

Terminal Load (Perimeter, Centre)

%

HVAC Equipment
Input Parameters

Hot Water Coil Valve Position (Perimeter,

D

Position of Dampers (centre, perimeter) Open

C

%

(Controllable)

Weather Input

D-RET

Position of Return Air Dampers - Open

%

D-REL

Position of Relief Air Dampers - Open

%

D-OA

Position of Outside Air Dampers - Open

%

HWP-S

Hot Water Pump Speed

%

SHW-T

Supply Hot Water Temperature

0

HWS-DP

Hot water System differential pressure

kPa

SP

Static Pressure (Perimeter, Centre)

Pa

OA-T

Outside air temperature

0

DP-T

Dew point temperature

0

OA-RH

Outside air relative humidity

%

OA-E

Outside Air Enthalpy

kJ/kg

SR

Solar Radiation (10min Average)

W/m2

QFE

Barometric Pressure (Station elevation)

hPa

S

Outside wind Speed (10min Mean)

m/s

Dta

Outside wind direction

Degree

C

C
C

Parameters
(Uncontrollable)

3.2

Division of data based on seasonal variation:
The ambient outdoor temperature has significant influence on indoor temperature, heating and

cooling energy consumption [56]. And better prediction results can be obtained if a separate model
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can be developed for each climatic period [56]. To investigate the change in ambient temperature
over a year, three years temperature data from 2014-2016 collected from Murdoch University weather
station is analysed in this study based on daily maximum, minimum, mean and average temperature
of that period and correlated it with South-West of Western Australia’s seasonal variations because
of the location of data collection place. Thus, existing climatic periods are categorized through this
analysis in the stated location. In the south west of Australia, the Nyoongar seasonal calendar includes
six different seasons in a yearly cycle [57] as shown in Table 3. Hence, this analysis creates the
opportunity to explore if the temperature profile of stated location agrees with Nyoongar seasonal
calendar.
Table 3: Nyoongar seasonal calendar
Months of the year

Name of the seasons

Description of the seasons

December -

First Summer

Dry and hot

February – March

Second Summer

Hottest part of the year

April - May

Autumn

Cooler weather begins

June to July

Winter

Coldest and wettest time of the year

August –

First Spring

Mixture of wet days with increasing number of

January

September
October -

clear, cold nights and pleasant warmer days
Second Spring

Longer dry periods

November

Based on this analysis the data-sets for primarily selected variables are divided.
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3.3

Data pre-processing and selection of input parameters:

Before using the data for input selection, they are pre-processed to keep them within the range [−1,
1] by performing scaling. The training algorithm generally works best when the network inputs and
targets are scaled. Also, the dominant effects of certain variables can be avoided by performing
scaling. The algorithm used to scale the inputs into [-1, 1] is:
𝑥́ =

(𝑦𝑚𝑎𝑥 −𝑦min ) (𝑥−𝑥𝑚𝑖𝑛 )
𝑥𝑚𝑎𝑥 −𝑥𝑚𝑖𝑛

+ 𝑦𝑚𝑖𝑛

(3)

Where 𝑥́ and 𝑥 denote the number before and after normalization, 𝑦𝑚𝑎𝑥 = 1 and 𝑦𝑚𝑖𝑛 = −1 are the
maximum and minimum values of the specified range, 𝑥𝑚𝑎𝑥 and 𝑥𝑚𝑖𝑛 are the maximum and
minimum values of the dataset to be scaled respectively.
Selection of input parameters is the most important part in prediction model development as the
selected input parameters should represent all factors that influence the performance of the output
parameter. The term “feature” has been used in this study to define independent input parameters. To
eliminate any irrelevant feature, a feature selection criterion is required which can measure the
prediction capability of each feature or a combination of features. Advantages of having a minimal
number of features include improved model interpretability, reduced training times, and a reduced
possibility of overfitting while still providing an accurate fit [58, 59].
In this study features are selected using MATLAB Regression Learner Toolbox. Sequential feature
selection method is followed to add one feature at a time. This method starts with an empty set and
adds one feature in the first step which gives the highest value for the objective function. From the
second step onwards, the remaining features are added separately to the current subset and the new
subset is evaluated. The individual feature is permanently included in the subset if it gives better
prediction accuracy than the previous step. The process is repeated until all the features that are
primarily selected are investigated. This method does not account for dependency between the
features.
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The performance of the trained model is assessed at each stage based on performance indicators such
as: speed, accuracy and complexity. These performance indicators are quantified based on the result
of performance comparison metrics: root mean square error (RMSE), mean absolute error (MAE)
and coefficient of determination (R-Squared) and iteration time. Table 4 presents the characteristics
of these performance comparison metrics and the equations used for calculating these metrics.
Table 4: Description of performance comparison metrics and their mathematical equations [60, 61]
Statistic

Description

Equation

RMSE

Root mean square error. It stands for root of mean squared

RMSE = √MSE

error and is used to measure the variability of the data. The Where
RMSE is always positive. It is desirable that RMSE is close to
𝑛
1
MSE = ∑ (𝑦𝑖∗
0.
𝑛
𝑖=1
− 𝑦𝑖 )2
MAE

Mean absolute error. It computes the means of absolute error.

MAE =

The MAE is always positive and similar to the RMSE, but less
sensitive to outliers. It is desirable that MAE is close to 0.

𝑛
1
∑ AE𝑖
𝑛
𝑖=1

Where
AE = |𝑦 ∗ − 𝑦|

R-

Coefficient of determination. It determines how well a model

Squared

fits within any particular system. R-squared is always smaller
than 1 and usually larger than 0. It compares the trained model
with the model where the response is constant and equals the
mean of the training response. If your model is worse than this

𝑅2
𝑛

=1−

∑𝑖=1(𝑦𝑖∗ − 𝑦𝑖 )2
𝑛

∑𝑖=1 𝑦𝑖2

constant model, then R-Squared is negative. It is desirable that
R-Squared is close to 1.

3.4 Development of prediction model using NN:
A neural network (NN) is a parallel distributed processor that has a natural tendency for storing
empirical knowledge and making it accessible for use [62]. It resembles the human brain - knowledge
gain through a learning process, and storage of knowledge through interneuron connection strengths
known as synaptic weights. The main advantage of an NN model is its self-learning capability and
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the ability to approximate a nonlinear relationship between the input variables and the output of a
complicated system.
3.4.1 Modelling approach
The Neural Network Time Series Toolbox has been used to develop the model. This tool allows
solving three kinds of nonlinear time series problems. Therefore, defining the problem is the first step
for model development. Nonlinear Autoregressive with External Input (NARX) is selected in this
study to develop the indoor temperature prediction model. This neural network allows a delay line on
the inputs, and the outputs feed back to the input by another delay line. The characteristics of NARX
is to predict future values of a time series y(t) from past values of that time series and past values of
a second-time series x(t) and can be written in the form:
y(t) = f (y (t – 1), ..., y (t – d), x (t – 1), …..., x (t – d))

(4)

Where d, x(t) and y(t) represent respectively number of time delays, input time series and output time
series.
The NARX model provides better predictions than the nonlinear input-output model, because it uses
the additional information contained in the previous values of y(t). When this network is applied to
time series prediction, it acts as a feedforward time delay neural network (TDNN) with the default
tan-sigmoid transfer function in the hidden layer and linear transfer function in the output layer. This
network has two inputs. One is an external input, and the other is a feedback connection from the
network output.
In the next step input time series x(t) and target time series, defining the desired output y(t) are selected
and loaded from workspace in the selected time series format. At this stage input and target data are
randomly divided into three sets: 70% for training, 15% for validation and the rest 15% for testing.
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Then network architecture is specified. The network training can be carried out in either of the two
modes: Series-Parallel (SP), an open loop architecture or Parallel (P), a closed loop architecture as
shown in Figure 10.
a
.

b
.

Figure 10: NARX network in (a) Series-Parallel (SP) and (b) Parallel (P) configuration

In SP mode, the output regressor is formed only by actual values of the system output, while in P
mode estimated outputs are fed back and included in the output regressor. The model trained in SP
configuration provides better prediction performance than in P configuration for two reasons: The
input to the feedforward network is more accurate; the resulting network has a pure feedforward
architecture, and static backpropagation can be used for training. Therefore, it is desirable to train the
NARX network in SP configuration if the true output is typically available during the training of the
network. The true output acts as the targets of the network. This study uses SP configuration to train
the network because of the availability of actual output values. Then the NARX neural network is
defined by choosing the number of hidden neurons and number of time delays, d. Primarily, the
default number of hidden neurons and time delays are set to 10 and 2 respectively.
Subsequently a training algorithm is selected. There is no better way other than trial and error method
to select the best suited training algorithm in terms of speed, accuracy, and complexity. As for
instance, highly flexible models tend to overfit data by modelling minor variations that can create
noise while simple models are easier to interpret but may have lower accuracy. Therefore, choosing
the right algorithm requires trading off one benefit against another. In a previous study the authors
investigated the influence of training algorithms on model performance and Levenberg-Marquardt
was found as the best suited training algorithm for predicting indoor temperature [63]. Therefore,
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Levenberg-Marquardt has been selected to use in this study. This algorithm is regarded as the fastest
training algorithm and confirms the best convergence to a minimum of MSE for function
approximation problems [64].
The network is trained with respect to data-sets until it learns the patterns existing within the datasets. Validation is done to measure network generalization, and to halt training when generalization
stops improving. This study uses early stopping method with six validation performance checks as it
is evident that this mechanism is crucial for overcoming the overfitting problems [40]. Once the
network is trained and validated, test data is fed to the neural network to verify the effectiveness of
the stopping criterion and to estimate the expected performance in the future with the data not used
before. Results are evaluated for three data-sets: training, validation and testing based on the value of
performance comparison metrics – MSE and Regression (R). MSE is the average squared difference
between outputs and targets (see Table 4). MSE equals to zero means no error. Regression R values
measure the correlation between outputs and targets. An R value of 1 means a close relationship. It is
decided at this stage if the selected training algorithm provides satisfactory result and advances to the
next step upon getting satisfactory result. Otherwise, a different training algorithm should be selected,
and the network should be trained further. Based on previous study [63] this study trains the network
using Levenberg-Marquardt training algorithm and gets satisfactory result at first attempt.
Next the network is evaluated to ascertain if its performance completely satisfies after first time
training. If completely satisfactory network performance is obtained, the network can be further tested
using different data-sets and decide if network performance is good enough. If the network
performance is found good enough then it can be said that the problem has been solved satisfactorily.
However, additional testing is not mandatory and once the network shows completely satisfactory
performance the solution can be deployed. If the network does not perform satisfactorily after first
time training or needs marginal improvement, then the network can be trained again as training
multiple times will generate different results due to different initial conditions and sampling. In case
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the network does not perform satisfactorily after retraining, the network size – number of hidden
neurons and time delays should be adjusted on trial and error basis and same procedure should be
followed. However, if the network does not show completely satisfactory performance after adjusting
the network size then it is necessary to import larger data-set and all proposed steps should be
repeated. This study retrains the network using same training algorithm to get slight improvement in
performance. Next network size is increased and in each time the network is trained again with the
same algorithm. After adjusting the network size, the network shows completely satisfying
performance. Thus, optimum network size is identified and its effect on model performance is
examined accurately.
Afterwards a MATLAB function is generated for application deployment. Also, a MATLAB script
is generated to reproduce the results with necessary modifications to the code. Modifications to the
code are done to carry out the objectives of this study.
The procedure that is followed to develop the prediction model using NARX is depicted in a flowchart
as shown in Figure 11.
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Fig. 11: Flowchart for prediction model using NARX

Through modifying the MATLAB script, the trained network is converted to P configuration and
used for multi-step ahead prediction. The performance of prediction models for different prediction
horizons are compared. Also, single step (SP configuration) prediction result is compared with that
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of multi-step. The models are validated by comparing the predicted results with the observed values.
Finally, present predicted results are assessed by relating them with relevant past studies’ result.
The performance of single step and multi-step ahead prediction models are evaluated based on the
value of performance comparison metrics – MSE and Mean Absolute Percentage Error (MAPE). The
characteristics of MSE and the equation (see Table 4) used for calculating this metric is mentioned
earlier. MAPE measures the size of the error in percentage terms and is defined as:
1

MAPE = (𝑛 ∑𝑛𝑖=1 APE𝑖 ) where, APE = |
4.

𝑦 ∗ −𝑦
𝑦

| ∗ 100

Aspects affecting the performance of the indoor temperature prediction model

Based on literature survey [11, 33, 37-41, 44] etc. some aspects such as optimum input parameters,
network size, size of training data etc. have been identified as the key elements which influence the
performance of the indoor temperature prediction model. Therefore, it is necessary to study the
influence of these aspects on the stated prediction model and thus determine the optimum
performance of model in terms of complexity, prediction result and ease of application to a real
system. Figure 12 displays those aspects in a diagram which are also discussed in brief in the
following subsections.

173

Aspects Affecting the Performance of the Prediction Model

Adjusting the network size and its
relationship with structure of the model

Influence of hourly, daily and
monthly temperature

Influence of using optimum
input parameters

Development of prediction model
using NN

Influence of considering thermal
interaction among multiple zones

Effect of the size of training
data

Effect of prediction horizon

Fig. 12: Diagram showing aspects affecting the performance of the prediction model

4.1

Influence of hourly, daily and monthly temperature

Outdoor weather conditions, AHU operating strategies and occupants’ time schedules have
significant impact on indoor temperatures. Influence of month of the year on indoor temperature
prediction model is represented by weather parameters such as outside temperature, solar radiation,
wind speed, wind direction etc. On the other hand, by selecting day of the week it is possible to
distinguish indoor temperature profile between weekdays and weekends. On weekends most of the
institutional buildings remain closed. Therefore, HVAC equipment remains switched off and indoor
temperatures fully depend on outdoor climate. On the contrary, on weekday alongside outdoor
climate, occupants’ time schedule and AHU operating strategies effects indoor temperature. Since
occupancy working schedule of the studied level of case building is 24/7 hence, this study did not
consider day of the week, occupant’s time schedule and also some of the AHU operating strategies
such as night purge cycle, warm up cycle. However, HVAC equipment parameters connected with
AHU economy air cycle and outdoor weather parameters are taken into account. Therefore, month of
the year and its relationship with seasons are explored in this study (Section 5.1).
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4.2

Influence of using optimum input parameters

To evaluate the influence of using an optimum number of input variables on model performance,
models are developed for two different scenarios and their performances are compared in terms of
prediction accuracy, fitness and computational time (Section 5.3.1). In scenario 1 models are
developed using all input parameters while in Scenario 2 only selected input parameters are used.
Both Scenario 1 and Scenario 2 models are divided into two parts: MISO and MIMO based on
modelling structure. For both modelling structures prediction results are compared.
4.3

Influence of considering thermal interaction among multiple zones

Building’s indoor environment is a time varying system with many uncertain variables such as solar
heat gain, wind speed, occupancy level etc. For instance, an accumulated change in solar gain causes
fluctuation of indoor temperature and this fluctuation of temperature is not uniform throughout the
building. Fig. 3 shows that even though the temperature of studied zones is controlled by one AHU
with same supply air temperature set-point, the trend log shows temperature variation at different
zones at the same time. Therefore, it is desirable to divide the open indoor space into multiple zones
based on the number of Variable Air Volume (VAV) units in that room. Accordingly, a multi-zone
indoor temperature prediction model can be developed using past multivariate time series data that
will reflect the variation in heating/cooling load, solar radiation or change in thermal effects among
zones. On the other hand, single zone model can be developed by considering the whole indoor space
a single zone or a separate single zone model can be developed for each zone. In this study the single
zone model has been developed for a particular zone. However, as the data-set for single zone model
lacks the data-set for other zones therefore, this model does not reflect the thermal coupling effect
among adjacent zones. This study investigates the significance of convective heat transfer among
zones, through comparing the performance of two different structured models: MISO and MIMO
representing single zone and multi zone respectively (Section 5.3 and 5.4). In MISO modelling
structure only one zone is considered out of 21 zones of level 2 of study building whereas in MIMO
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modelling structure all zones are considered. Therefore, in MISO and MIMO model output variables
are respectively one and twenty-one.
4.4

Adjusting the network size and its relationship with structure of the model

The size of NARX network implies number of hidden neurons and time delays. This selection
procedure is not determined unambiguously by the learning problem. Therefore, it is necessary to
apply trial-and-error approach which has been used in this study to determine the optimal network
size. The optimal network size generally offers a balance between generalisation capability and
network complexity (e.g. network size and the number of free parameters). Additionally, the
prediction accuracy of ANN models largely depends on whether the network size is optimum.
Therefore, adjusting optimum number of hidden neurons and time delays play an important role to
obtain the desired prediction accuracy and generalization capability and uphold reasonable
complexity. In this study as stated by Haykin [65] training is started with a default number (as per
MATLAB neural net time series tool-box) of hidden neurons and increased persistently until model
performance stops improving. The same process is followed to determine the optimum number of
time delays. To investigate the effect of adjusting network size the stated network is trained 24 times:
12 for MIMO modelling structure and 12 for MISO modelling structure (Section 5.3.2). In each time
either number of hidden neurons or number of time delays are varied.
4.5

Effect of the size of training data

The size of training data is an important issue for achieving accuracy in the prediction model. If the
training data size is small, it takes less time to conduct the training procedure, but the developed
model may not capture the actual pattern. With the increase in data size or data time steps prediction
results improve to a certain extent. However, it takes more time to train larger dataset. Therefore,
there is a need to optimise the data size and time requirement. This study identifies the possibility to
achieve acceptable prediction accuracy by using minimum numbers of training data-set (Section
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5.3.1). For this three different numbers of data time steps are used in MIMO and MISO models and
the influence of size of the training data-sets are examined for both modelling structures.
4.6

Effect of prediction horizon

Indoor temperature being a slow dynamic process achieve high accuracy in short term prediction [35].
Therefore, the performance of the model should be evaluated by long term prediction accuracy which
refers to multi-step-ahead prediction. Section 5.5 illustrates the changes in model prediction
performance with the increase in number of steps ahead prediction. Also, single step prediction
performance is compared with multi-step performance.
5.

Results and discussion

5.1

Division of data based on seasonal variation:

Through investigating the daily maximum, minimum, mean and average temperature of a three-year
period (2014-2016) the seasonal variation for each year is filtered out and the relative trend within
each climatic period is obtained. The daily maximum, minimum and mean temperatures within the
three-year period are determined and plotted in Figure 13(a) to get a comparative study of temperature
fluctuation in each day of different years. Figure 13(b) shows that from December-January daily avg.
temperature fluctuates around ±100C from 230C while from February-March, April – May, June –
July, August - September and October - November it fluctuates around ±70C from 250C, ±80C from
180C, ±50C from 140C, ±60C from 150 C and ±90C from 190C respectively.
Figure 13(a) and 13(b) confirm that the relative trend within each climatic period follows Nyoongar
seasonal calendar. Therefore, data are divided according to Nyoongar seasonal calendar for using
them in separate models.
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Fig.13: (a) Daily maximum, minimum and mean of maximum and minimum outdoor temperatures (b) Daily average outdoor temperature over the period
2014-2016
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5.2

Feature selection:

Due to time constraint this study concentrates only winter season data for feature selection and later
for model development. Other seasons will be included in the further studies.
In the feature selection procedure five minutes interval time-series data of all primarily selected input
parameters over the period of two months starting from June 2017 are used. For some input
parameters multiple data are found. This is because, the study building is equipped with two AHUs:
one at east side and another one at west side. Further there are multiple AHU equipment such as
dampers, valves within the HVAC system each of which has an individual data log. Therefore, even
though 25 input parameters were primarily selected, 50 features are identified in total and tested
during feature selection procedure against the indoor temperature at single zone.
The training algorithm complex tree has been used in this study to train the model. Once the regression
model is trained the response plot shows the model predictions. Therefore, each time after adding one
feature the model is trained, and response plot is observed to see the prediction result against the
training data. Also, in each time model performance is observed through evaluating the values of
performance comparison metrics for the trained model and the time required to train the model. Table
5 shows that the features having positive influence on model performance are added successively. On
the other hand, the features which do not improve the performance of the model are not added next
time. The features which do not improve the performance of the model may have the same impact on
the model as those are selected in previous steps or some of those features may not have any influence
on model performance. Also, several features e.g. DP-T are found to have negative impacts on model
performance. The features which are deducted through this process are IAT setpoint, CHWC-VLV,
SAF-S, D-RET, D-REL, D-OA, HWP-S, SHW-T, SP, OA-T, DP-T, OA-RH, SR, S, Dta. Thus,
relevant important and identical input parameters are sorted out through feature selection process.
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Finally, the model is validated using 5-fold cross validation method. This method protects against
overfitting by partitioning the data set into 5 folds and estimating accuracy on each fold.
Table 5: Sequential Feature Selection
Name of

Feature Selection

Number

the

of

trained

Features

RMSE

R-

MAE

Squared

Training
time (sec)

model
F1

SASP set-point1

1

0.38

0.18

0.29

2.4265

F2

SASP set-point1, RA-T1

2

0.33

0.39

0.25

2.7328

F3

SASP set-point1, RA-T1, RA-T2

3

0.31

0.45

0.23

6.8054

F4

SASP set-point1, RA-T1, RA-T2,

4

0.29

0.52

0.19

11.981

5

0.22

0.73

0.13

12.069

6

0.21

0.76

0.12

12.01

7

0.19

0.81

0.11

9.2508

8

0.17

0.83

0.10

8.5662

9

0.15

0.88

0.08

7.6797

10

0.14

0.89

0.08

7.8943

11

0.13

0.90

0.08

7.8342

12

0.12

0.91

0.07

8.0258

CHW-DP
F5

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E

F6

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3

F7

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3, D2

F8

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3, D2, HWS-DP

F9

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3, D2, HWS-DP,
RA-RH2

F10

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3, D2, HWS-DP,
RA-RH2, L3

F11

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3, D2, HWS-DP,
RA-RH2, L3, HWC-VLV2

F12

SASP set-point1, RA-T1, RA-T2,
CHW-DP, OA-E, D3, D2, HWS-DP,
RA-RH2, L3, HWC-VLV2, QFE

180

F13

All

50

0.13

0.91

0.07

14.533

Table 5 shows that the model (F12) provides best performance when trained with 12 features: Outside
air enthalpy (OA-E) and barometric Pressure (QFE), AHU damper position: centre (D2) and perimeter
(D3), return air temperature (RA-T1, RA-T2) and humidity (RA-RH2), supply air duct static pressure
set point (SASP set-point1), hot water coil valve position (HWC-VLV2), terminal load (L3), chilled
water differential pressure (CHW-DP), hot water system differential pressure (HWS-DP). Therefore,
these 12 features can be considered as the most important distinct input parameters for predicting
indoor temperature for the particular zone. Likewise, for predicting indoor temperatures at multiple
zones of Level 2 of the study building other relevant features need to be considered. For instance, for
single zone prediction model terminal load L3 has been found to be an important feature for predicting
indoor temperature at that specified zone. Hence, for multi-zone (covering the total area of level 2)
prediction model all available data for terminal load at different positions of Level 2 e.g. L1, L2, L3
need to be considered. Based on this insight 20 features: OA-E, QFE, D1, D2, D3, RA-T1, RA-T2, RARH1, RA-RH2, SASP set-point1, SASP set-point2, HWC-VLV1, HWC-VLV2, HWC-VLV3, HWCVLV4, L1, L2, L3, CHW-DP, HWS-DP have been selected for developing a multi-zone prediction
model.
5.3 Evaluate the performance of prediction model:
The performance of single zone and multi-zone prediction models are evaluated using different
combination and sizes of training data-sets. To carry out this analysis five (5) minutes interval real
time-series winter season data starting from 1st June 2017 is used. Single zone and multi-zone
prediction models are trained using all and selected features and their performances are compared for
different numbers of training data. Subsequently, the network size of best performing single zone and
multi-zone prediction models are optimized for better prediction performance.
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5.3.1

Effect of the size of data and number of input parameters on model performance for

MISO and MIMO modelling structure
As shown in Table 6 models are classified into two parts: Scenario 1 and Scenario 2 based on number
of input features for comparing the identification results. Both Scenarios are sub-divided into three
parts e.g. Scenario 1 as T11, T12, T13 and Scenario 2 as T21, T22, T23 according to numbers of
training data time-steps. This classification has been done to compare the results for MISO and
MIMO modelling structure at different Scenarios.
Table 6: Classification of models based on input features and number of training data time-steps
Scenario

1

2

Scenario according

No. of Time

to Time Steps

Steps

T11

288

T12

864

T13

2016

T21

288

T22

864

T23

2016

No. of Input features
MIMO

MISO

50

50

20

No. of Output feature
MIMO

MISO

21

1

12

The changes in R value, prediction error and training time with the increase in time steps are
presented in Figures 14(a), 14(b) and 14(c) respectively for both Scenarios and for the same time step
R values, prediction errors and training times are compared between MIMO and MISO modelling
structures.
Figure 14(a) illustrates that for MISO modelling structure with the increase in time steps the
value of R increases. On the other hand, for MIMO modelling structure R value is not considerably
influenced by the size of training data. Also, MIMO modelling structure always shows better
performance than MISO structure in terms of R value which indicates better data fitting capacity for
MIMO model. This may be because in MIMO model the past temperature data for all studied zones
are used.
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Fig. 14: Effect of the size of data-sets on (a) R value of model (b) model prediction error (c) training time of
model

Figure 14(b) shows that in case of single step prediction MISO modelling structure provides slightly
better prediction accuracy than MIMO modelling structure and it is true for both Scenarios. This is
because in MISO model input features are selected for a particular zone. On the other hand, in MIMO
model input features are selected covering all zones as present MIMO model predicts indoor
temperature for all zones concurrently. For both models this prediction accuracy is not considerably
influenced by the size of the training data.
Figure 14(c) indicates that MISO modelling structure requires much less time compared to MIMO
modelling structure. However, present MIMO model provides prediction result for 21 zones at a time.
Therefore, the training time for MIMO and MISO models are comparable only when the training time
for 21 MISO models for 21 individual zones are added. As shown in Figure 14(c) with the decrease
in number of time-steps the training time difference between MIMO and MISO models reduces and
for Scenario 2-T21 when MIMO model is trained using 288 time-steps it requires less time considering
the number of zones compared to MISO model.
Therefore, from Figure 14(a), 14(b) and 14(c) it can be summarized that for single step prediction
using same number of time-series data MIMO models have better data fitting capacity than MISO
models. With the increase in data time-steps MISO model’s data fitting capacity improves while in
case of MIMO model it remains almost stable. On the other hand, MISO models provide
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comparatively accurate prediction than MIMO models and this prediction result remains quite steady
for both models in case of using different numbers of data. Hence, for single step prediction MIMO
models can be developed using comparatively less numbers of data time-steps than MISO models
because of the factor of data fitting capacity. Training MIMO model using less numbers of data
reduces training time and in case of Scenario 2-T21 MIMO model provides better performance than
MISO model in terms of training time.
Figure 15(a), 15(b), and 15(c) shows respectively the comparison of R values, prediction errors and
training times for MIMO and MISO models for the same number of time steps but different number
of input features.
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Fig. 15: Influence of the number of input features on (a) R value of model (b) model prediction error
(c) training time of model

Figure 15(a) and 15(b) illustrates that for both modelling structures: MIMO and MISO using all input
features do not provide better performance in terms of R value and prediction error than using
optimum number of input features. Figure 15(c) indicates that using selected input features takes
much less time to train the model.
Therefore, from Figure 15(a), 15(b) and 15(c) it can be summarized that using selected input features
or an optimum number of input parameters improves the efficiency of the MISO and MIMO models.
In brief, models for Scenario 2 show better performance than those of Scenario 1.
5.3.2

Optimum network size and its relationship with structure of the model
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This study also targets to improve the performance of the model further by adjusting the network size
- number of hidden neurons and number of time delays. Scenario 2-T22 MISO and MIMO models
are used in this analysis.
Effect of number of hidden neurons on prediction performance and simulation time:
Scenario 2-T22 model performance is further improved by adjusting the number of hidden neurons.
Figure 16a and 16b show the changes in values of performance comparison metrics MSE and R for
MISO and MIMO models with the increase in number of hidden neurons. These Figures indicate that
MIMO model gives best performance when the number of neurons in hidden layer is 20 while in case
of MISO model optimum number of neurons is found as 14. Figure 16c illustrates that for MIMO
model with the increase in number of hidden neurons simulation time increases while for MISO
model number of hidden neurons does not have any noticeable impact on simulation time. This may
be because the amount of time is too small to quantify for MISO model. It takes only 1 sec for MISO
model to simulate when the number of hidden neurons is adjusted to 15 (Figure 16c). For MIMO
model when the number of hidden neurons is adjusted to 20 it takes 325 seconds to simulate the model
(Figure 16c).

MIMO

MISO

MIMO

7.00E-03

R Value

MSE

6.00E-03
5.00E-03
4.00E-03
3.00E-03
2.00E-03

MISO

0.997
0.996
0.995
0.994
0.993
0.992
0.991
0.99
0.989

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

No. of Hidden Neurons

No. of Hidden Neurons

(a)

(b)

185

Simulation time (sec)

500
400
300
MIMO

200

MISO

100
0
10

15

20

25

No. of Hidden Neurons

(c)
Figure 16: Effect of number of hidden neurons on model performance in terms of (a) MSE (b) R Value (c)
Simulation time

Effect of number of time delay on prediction performance and simulation time:
Properly setting the time lag/time delay can improve the model prediction performance. Therefore,
after adjusting the number of hidden neurons, number of time delays are adjusted for MIMO and
MISO models. Figure 17 presents the changes in model performance with the increase in number of
time delays. This Figure identifies that both MIMO and MISO models show the best performance
when the number of time delays is set to 2.
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Fig. 17: Effect of number of time delays on model performance in terms of MSE and R Value (a) MIMO
model (b) MISO model

Figure 18a and 18b illustrate the changes in simulation time for MIMO and MISO models
respectively with the increase in number of time delays. For MIMO and MISO models when the
number of time delays is adjusted to 2 it takes 325sec and 1 sec respectively to simulate the model.
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Fig. 18: Effect of number of time delays on simulation time (a) MIMO model (b) MISO model

Therefore, from the analysis of optimum network size it is found that in case of Scenario 2-T22 MISO
modelling structure shows best performance when the number of hidden neurons and number of time
delays are adjusted to 15 and 2 respectively. And it takes only 1 sec to simulate the model. In case
of MIMO modelling structure, the optimum number of hidden neurons and number of time delays
are found as 20 and 2 respectively. And it takes around 325 secs to simulate the model. However, this
simulation time for MIMO model can be minimized using less data time steps as identified in previous
sub-sections that MIMO models can be developed using a minimum number of data-sets without
worsening prediction performance.
Thus, putting the value of number of time delays, d=2 in Equation 4 it denotes
y(t) = f (y (t – 1), y (t – 2), x (t – 1), x (t – 2))

(5)

The general form of Equation 5 is applicable for both MISO and MIMO models since for both
modelling structures the optimum number of time delays is found as 2.
Figure 19 portrays the ultimate network structure of NARX models found through this analysis. For
MISO model the optimum network structure is found as 12-15-1 and for MIMO model it is found as
20-20-21 with number of time delays 2 for both instances.
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(a)

(b)

Figure 19: Structure of the NARX models used for indoor zone temperature prediction (a)MISO modelling structure with network architecture 12-15-1 (b)
MIMO modelling structure with network architecture 20-20-21
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5.4 Testing the network using different data-set:
To validate the result for model predictive performance as discussed in Section 5.3, the network
is tested using different time-series data-sets of a 3-day period starting from 9:00 am 4th June
2017.
Table 7: Validation result
Modelling structure

MSE

R

MISO

0.0232

0.945

MIMO

0.0046

0.962

Table 7 shows that when the network is tested using different data-sets MIMO models provide
better prediction accuracy and its data fitting capacity is also better than MISO model.
However, Section 5.3.1 demonstrates that for the same number of data-sets using selected input
parameters MIMO model’s prediction accuracy is slightly lower than MISO models while in
case of data fitting capacity MIMO model is superior to MISO model. Because of the better
data-fitting capacity of MIMO model when the same network is tested using different data-sets
MIMO models provide better prediction performance. Therefore, the result shown in Table 7
validates the result illustrated in Section 5.3.
5.5
5.5.1

Model prediction performance in SP and P mode:
Train the NARX network in SP mode

This study uses open-loop architecture (SP configuration) to train the NARX network. Figure
20 displays the time series response of output element and errors in all steps – training,
validation and test of training phase. It also indicates which time plots are selected for these
steps of training phase. Likewise, the regression (R) values in the GUI are computed based on
the open-loop training results. Regression plot is used to validate the network. Figure 21 shows
the R results in training, validation and testing steps. And also, overall R value is displayed
(Figure 21).
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The performance of the network is measured in terms of MSE. The MSE value for training,
validation and testing steps are found as 0.0028, 0.0034 and 0.0036 respectively.

Figure 20: Time series response for trained network using SP configuration

Figure 21: Regression values in training, validation and testing steps
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5.5.2

Test the NARX network performance in SP and P mode

After the network has been trained, it is tested for both open loop (SP) and closed loop(P)
configuration by computing the network outputs, errors and overall performance. For SP
configuration MSE is found as 0.0028 whereas for P configuration MSE is found as 0.0829.
5.5.3

Multi-step ahead prediction performance

After the network has been created it has been transformed into closed loop for multistep-ahead
prediction. This study predicts indoor temperature at different prediction horizons. The
performance of the models is measured by the performance comparison metrics MSE and
MAPE. To predict indoor temperature 6 hours in advance the model had to calculate 72 timesteps ahead values as model was developed using 5 minutes interval time-series data whereas
for predicting 1 day, 7 days, 14 days and 28 days in advance the model had to predict 288,
2016, 4032 and 8208 time-steps ahead indoor temperature values. Prediction results for
different steps ahead prediction are summarized in Table 8.
Table 8: Prediction results for different steps ahead prediction
Mins/hrs/days ahead prediction

Performance comparison metrics
MSE

MAPE (%)

6 hrs

0.0041

0.23

1 day

0.015

0.41

7 days

0.02

0.45

14 days

0.067

0.72

28 days

0.083

0.837

This analysis states that prediction performance deteriorates with increasing time duration. The
performance of the prediction model worsens quite rapidly when predicting indoor temperature
for 14 days ahead and further. For predicting indoor temperature more than 28 days does not
yield satisfactory results. That is why, this study did not show those results. The models are
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validated by comparing the predicted values for indoor temperatures with the observed values.
Figures 22a, 22b, 22c, 22d and 22e compare the predicted values for six hours, 1 day, 7 days,
14 days and 28 days ahead respectively with the corresponding observed values. In order to
show how the range of errors between predicted and observed values are rising with increasing
step ahead prediction, vertical axis major grid lines for all Figures have been kept same. To
visualize the trend of errors at different prediction horizons, error curves found for different
step ahead predictions are plotted for the common six hours period in Figure 23. Figure 23 also
illustrates the linear trend for each error curve. This Figure clearly shows that with the increase
in number of advanced time steps in prediction, error values increase rapidly in other words
predicted values deviate largely from observed values for greater prediction time period.
Six hours ahead prediction

Observed Values

IA-T-Zone 1 (0C)

IA-T-Zone 1 (0C)

Observed Values
25.5
25
24.5
24
23.5
23

25
24.5
24
23.5
23

(a)
Observed Values

(b)
Seven days ahead prediction

Observed Values

Forteen days ahead prediction

25.5

IA-T-Zone 1 (0C)

25.5

IA-T-Zone 1 (0C)

one day ahead prediction

25.5

25
24.5
24

23.5
23

25
24.5
24
23.5
23

(c)

(d)
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Observed Values

Twenty eight days ahead prediction

25.5

25

IA-Zone 1 (0C)

24.5

24

23.5

23

(e)
Figure 22: Multi-step ahead prediction of indoor temperature (a) six hours ahead, (b) one day ahead,
(c) seven days ahead, (d) fourteen days ahead, (e) twenty-eight days ahead
0.3
0.2

Error

0.1
0
-0.1
-0.2

-0.3
-0.4
2017-08-31 18:00 2017-08-31 19:12 2017-08-31 20:24 2017-08-31 21:36 2017-08-31 22:48 2017-09-01 0:00
Forteen days ahead
One day ahead
Twenty eight days ahead
Linear (Seven days ahead)
Linear (Six hours ahead)

Seven days ahead
Six hours ahead
Linear (Forteen days ahead )
Linear (One day ahead)
Linear (Twenty eight days ahead)

Figure 23: Errors for multi-step ahead prediction

5.5.4

Comparison between single-step and multi-step prediction results

Figure 24 illustrates a comparative analysis for a certain period (twenty-eight days) between
predicted values for indoor temperature obtained from two different modes: P (multi-step
prediction) and SP (single step prediction) of prediction model and the observed value. Figure
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24 shows that predicted values obtained in SP mode suitably correlate with real data with some
negligible deviations while in P mode predicted values noticeably deviate from the observed
value. For single step prediction MAPE is found as 0.18% on the other hand, for 28 days/8208
steps ahead prediction MAPE is found as 0.837%. The MSE values found for single step and
28 days ahead predictions are 0.0030 and 0.083 respectively.

IA-T-Zone 1(0C)

Observed Values

Predicted Values in SP mode

Predicted values in P mode

25.6
25.4
25.2
25
24.8
24.6
24.4
24.2
24
23.8
23.6
23.4
23.2
23

Figure 24: Prediction of indoor temperature in SP and P mode

Figure 24 exhibits that the curve indicating predicted values for 28 days indoor temperature in
advance roughly coincides with the curve for observed values. Also, the performance of this
prediction model is quite good as per computed MSE and MAPE values considering the
prediction time duration. In the following sub-section this statement is confirmed through
relating the present prediction result with existing research studies.
5.5.5 Relating the present prediction result with existing research studies
It is well known that MSE and MAPE equal to zero and zero percent respectively show no
error in prediction. Therefore, these values close to zero or zero percent indicate high prediction
accuracy. However, there is no threshold limit for these performance comparison metrics in
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prediction. So, relating the present result with relevant past studies’ result can give an
opportunity to assess the present result. This study only relates the present result with existing
relevant research studies as it is quite difficult to directly compare the present models’
prediction performance with previously published relevant research studies. This is because
different existing studies have used different types of building such as commercial, residential
or industrial. Variations are also observed with the location of those buildings, weather profile,
building conditions etc. Even the nature of the data e.g. real data, simulated data, etc., amount
of the data collected, architecture of the installed BMS differ. This section provides a brief
overview of the previous existing studies where NARX network has been used to predict
building indoor temperature at different prediction horizon. Table 9 summarizes the result for
the present study and some of the relevant recently published research studies from which it is
evident that the proposed multi-step ahead prediction model provides good prediction accuracy
for an extended time span.
Table 9: An overview of indoor temperature prediction results for present and past studies
Present and past studies

Mins/Hours/days ahead
prediction

Performance comparison metrics
MSE

MAPE
0.18%-0.837%

Present study

5 mins-28 days

0.0030-0.083

Mustafaraj, et al. [33]

30 mins-3hr

0.0162-0.1826

Lu and Viljanen [11]

15 mins-1hr

0.0313-0.0533

Mustafaraj, et al. [46]

30 mins-2hrs

0.0176-0.1749

Chernbumroong, et al. [66]

1day-7days

0.0156-0.0359
(data set 1)
0.0169-0.0489
(data set 2)

6.

Conclusions and future directions
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A real-time accurate predictive model for indoor temperature is necessary to control the indoor
temperature set-point that can eventually optimize building energy consumption and improve
indoor thermal conditions. The current study analyses the real-world indoor temperature data
for multiple adjacent zones in a commercial building in the context of thermal comfort and
reveals the necessity for an accurate indoor temperature predictive model. The proposed feature
selection approach establishes its efficacy to determine salient and independent input
parameters without compromising prediction performance. Application of this approach will
minimize the measurement and data storing cost of variables. Further, using less numbers of
input parameters in the model will reduce the computational cost and time. This study confirms
that evaluating the performance of the model in the context of key contributing aspects such as
optimum input parameters, network size, size of training data etc offers optimized model
performance in terms of complexity, prediction result and ease of application to a real system.
The study also considers the influence of climatic periods on model performance and develops
a separate prediction model for winter period. Thus, when the developed model is used for
long-term prediction, it provides good prediction performance for an extended time span
compared to prevailing studies. Additionally, the use of real data throughout the model
development process confirms the model’s applicability in the real system. Therefore, it is
anticipated that implementation of this long-term prediction model will offer greater energy
savings and improved indoor environmental conditions through optimizing the set-point
temperature.
This study reveals the following findings:
•

It is apparent that for single step prediction, multiple-input-multiple-output models can be
developed using less numbers of training data than multiple-input-single-output model
since size of the data notably influences multiple-input-single-output model’s data fitting
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capacity. Training multiple-input-multiple-output model using smaller data reduces
training time.CU
•

Optimising the number of input parameters improves the performance of the multipleinput-single-output and multiple-input-multiple-output models in terms of MSE value, R
value and training time. Using optimum number of input parameters, the MSE and R value
do not change considerably whereas training time drops drastically demonstrating model’s
performance improvement.

•

Adjusting the network size or tuning the model has been found an effective way to improve
the efficiency of the prediction model. For the multiple-input-single-output model the
optimum network structure is found as 12-15-1 and for multiple-input-multiple-output
model it is found as 20-20-21 with number of time delays 2 for both instances.

•

When tested with different data-sets multiple-input-multiple-output model provides better
prediction performance with MSE and R values respectively 0.0046 and 0.962 than
multiple-input-single-output model with MSE and R values respectively 0.0232 and 0.945.
This establishes the former model’s better data fitting capability than the succeeding
model. This finding derived from the testing result validates the finding from the training
stage.

•

This analysis identifies that, prediction performance deteriorates with the length of time
and it deteriorates quite drastically reaching MSE value 0.083 from 0.02 and MAPE value
0.837% from 0.45% if predicting after a certain time span - 14 days ahead and beyond.
Despite of the deteriorated performance, the proposed model provides good prediction
performance in terms of MSE and MAPE values which are 0.083 and 0.837% respectively
till 28 days ahead.
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Despite this study provides deep insights about the aspects affecting the performance of
prediction model for indoor temperature and considers these factors during model
development, there is a need to verify the results using other seasonal data. Also, accurate
occupancy data can be used in the model as an input. Therefore, as future work, this study can
be extended using the data for different climatic periods and that result can be compared with
present result. Also, further study is required to investigate the effect of occupancy level on
indoor temperature. In conclusion, this modelling methodology can be applied to other types
of building systems apart from AHU/VAV systems. The applied model can be used to establish
a boundary condition and target for adjusting the indoor temperature setpoint in the building
concerned.
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Fig. A1: Level 3 Floor Plan

Fig. A2: Level 4 Floor Plan
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Fig. A3: Level 5 Floor Plan
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Summary and Link to the Next Chapter
The 4th Chapter aims to find an answer to the key question, “What are the aspects that need
to be considered for developing an accurate predictive model for indoor environmental
parameters such as air temperature and how the performance of the model can be optimized?”
To address this key question this Chapter concentrates on investigating the need for developing
an accurate predictive model for indoor temperature and build the model to serve the purpose.
Paper 1 of Chapter 4 concentrates on evaluating the performance of the predictive model for
indoor temperature using different training algorithms of NARX. This paper confirms that
identifying the relevant input variables and sorting them based on the relevance to represent
the building indoor space temperature are the key steps to determine the optimal network
architecture which in turn gives good prediction accuracy. For both building cases and for all
different data-sets used in this study Lovenberg-Marquardt has been found the best-suited
training algorithm to predict the indoor space temperature in terms of prediction accuracy,
generalization capability and iteration time to train the algorithm. Afterwards, residual analysis
technique has been applied to verify the validation result of the model. As a future work this
study suggested evaluating the performance of the model by varying the size of datasets and
network architecture and comparing the prediction results with relevant existing research
studies. This study also recommended developing a long term predictive model for indoor
temperature for three different seasons: winter, summer and spring.
The research study presented in paper 1 of Chapter 4 has been extended in paper 2 addressing
the future directions of 1st paper. In the 2nd paper the value of predicting the indoor
temperature accurately to control the indoor temperature set-point is established through a case
study analysis in a multi-zone commercial building. Findings from the case study show that
there is a possibility of resetting air temperature set-point without compromising the occupant
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comfort level. A state-of-the-art feature selection approach has been proposed in this study that
establishes its efficacy to determine salient and independent input parameters without
compromising prediction performance. Application of this approach can minimize the
measurement and data storing cost of variables. Further, using less numbers of input parameters
in the model reduces the computational cost and time. This study also presents a NARX-based
system identification method to predict indoor temperature. During model development efforts
have been paid to optimize the performance of the model in terms of complexity, prediction
results and ease of application to a real system. The performance of single-zone and multi-zone
prediction models is evaluated using different combinations and sizes of training data-sets.
This study confirms that evaluating the performance of the model in the context of major
contributing aspects such as optimal input parameters and network size, optimum size of
training data, etc. offers optimized model performance. The study also considers the influence
of climatic periods on model performance and develops a separate prediction model for winter
period. Thus, when the developed model is used for long-term prediction, it provides good
prediction performance for an extended time span compared to prevailing studies. Additionally,
the use of real data throughout the model development process confirms the model’s
applicability in the real system. Results show that proposed model provides good prediction
performance till 28 days ahead.
Findings from this research show that multiple-input-multiple-output models can be developed
using less numbers of training data than multiple-input-single-output model since size of the
data notably influences multiple-input-single-output model’s data fitting capacity. Also, it is
found that optimizing the number of input parameters improves the performance of the
multiple-input-single-output and multiple-input-multiple-output models in terms of MSE
value, R value and training time. Additionally, adjusting the network size or tuning the model
has been found an effective way to improve the efficiency of the prediction model.
208

However, temperature is not the only parameter that needs to be controlled to maintain indoor
environmental conditions to satisfactory level. From the real building case study analysis
presented in Chapter 3 it is found that some of the key indoor environmental parameters e.g.
CO2 concentration, VOC can be combined with the current HVAC control system to improve
the system reliability. In this regard, it is worthwhile to evaluate a real-life demand controlled
ventilation system from the perspective of IAQ which has been presented in Chapter 5.
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Highlights:
•

Real-time dynamic scenarios are investigated in the context of indoor environment.

•

The necessity of implementing CO2 mass balance Equation has been established.

•

A demand-controlled ventilation (DCV) resetting strategy is proposed.

•

The proposed approach demonstrates significant energy savings potential.

Abstract:
The ventilation component is one of the critical parts in an heating, ventilation and airconditioning systems (HVAC) system and holds prime importance in ensuring operational
efficacy and efficiency in terms of energy consumption and indoor environmental conditions.
A true demand-based ventilation system with an economy air cycle not only offers reduced
amounts of energy consumption but also can take part in a healthy indoor environment. This
study provides true insight into the performance of a typical variable-air-volume air handling
unit system under different operating conditions through a rigorous case study analysis in a real
commercial building. To highlight pragmatic solutions to existing complexity within demand
control ventilation strategies of the case building this study sets up real-time dynamic scenarios
and investigates those scenarios in the context of indoor environment where both carbon
dioxide (CO2) and volatile organic compound (VOC) concentrations are linked. To predict and
monitor the indoor air CO2 concentration for the stated real time scenarios this study uses the
mass balance Equation for CO2 concentration. This study demonstrates that integrating the CO2
mass balance equation along with CO2 sensor data into the building management control
system not only assists in reducing energy consumption but also takes part in a healthy indoor
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environment. This study suggests including the mass balance equation for CO2 concentration
into the Australian ventilation standard AS 1668.2.
Keywords: Demand Control Ventilation Systems; Operating Conditions; Indoor Air Quality;
Energy Consumption; Commercial Building.
1. Introduction
Building sectors are responsible for consuming around 40% of global energy use [1]. Among
various energy consuming equipment used in the building sector HVAC constitute a major
share of a building’s total energy consumption. The ventilation system is one of the vital parts
in an HVAC system and holds prime importance in terms of energy consumption. An efficient
ventilation system can reduce its share of total electricity consumption to a great extent [2].
Realizing the significance of efficient ventilation systems researchers and policymakers
nowadays are attempting to reduce the energy demands and improve energy efficiency of
buildings by, for example, sealing or minimizing outdoor air ventilation rates. However,
improving sealing or insulation of an existing building requires considerable capital investment
which, in many cases, is not appropriate in terms of cost effectiveness. On the other hand,
minimizing outdoor air ventilation rate needs constant monitoring of the occupancy level that
is usually performed through integration of sophisticated sensors e.g. Occupancy, CO2 with the
control system. The latter one has been increasingly popular in recent years due to evolution
and accessibility of these sensors at minimal cost.
To ensure an efficient ventilation system it is important to adjust the ventilation rate according
to the variable operating conditions. In view of this situation dynamic ventilation strategies are
preferred over constant volume ventilation system. Out of the various dynamic ventilation
strategies e.g. night purge cycle, economy air cycle, warm up or cool down cycle DCV is
known as one of the promising dynamic ventilation strategies which adjust the outdoor air
ventilation rate based on occupancy conditions. This outdoor airflow is also influenced by some
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other transient patterns of exogenous variables such as outdoor temperature, outdoor air
quality, electricity prices [3]. Other ventilation strategies as mentioned above can be easily
incorporated with DCV system to provide better control over the outdoor air ventilation rate.
As there is a provision for varying the air flow rate within this system, DCV offers less energy
consumption particularly from fan operation and heating/cooling the supply air compared to a
constant air volume (CAV) ventilation system [4, 5].
Even though DCV can result in less energy consumption through optimizing the outdoor air
ventilation rate, this strategy could be the cause of lower indoor air quality (IAQ) with
corresponding negative health effect such as respiratory irritation or difficulty, drowsiness,
fatigue, dry or irritated eyes, headaches etc. if indicators of indoor air quality are not paid
attention to. Moreover, occupants’ long-term exposure to unhealthy indoor environment may
create chronic diseases such as cancer, pulmonary diseases, myocardial infarction, and
endocrine disruption [3]. Hence, the challenge of an effective DCV strategy lies within
minimizing the energy consumption without compromising IAQ. Realizing the negative
influence of outdoor air ventilation rate on occupants’ health, it is worthwhile to investigate
the extent to which ventilation rate influence the indoor air CO2 concentration level.
On the other hand, despite the fact that the effect of high VOC concentrations has been revealed
by multiple studies e.g. [6-10], there is no standard threshold limit suggested by any standards
for this broad range of compounds. Rather for selected indoor air contaminants guideline values
are offered by a number of organizations. The evidence with respect to health effects is likely
to be insufficient for many contaminants [11]. Berglund, et al. [12] reported that the total
quality concentrations of VOCs in indoor air can better evaluate IAQ and can be considered as
an important index for assessing the air quality [13]. The consideration of IAQ and its effects
on occupant health and comfort can lead to a new-fangled paradigm in building standards and
guidelines[14]. ASHRAE 62.1 (ASHRAE, 2016) has begun this transition, and as other
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standards join, they will begin to bring in substantial positive impacts on people, healthcare
systems, and economies[14].
Therefore, to a large extent the limitation of DCV can be outweighed by the CO2 based DCV
along with VOC concentrations monitoring practice. This ventilation strategy can efficiently
control the IAQ while simultaneously reducing energy consumption. In this case, CO2
concentration acts as an air quality indicator to modulate the outdoor air flow rate which in turn
provides reasonable IAQ conditions limiting energy consumption [15]. In addition, VOC
concentrations monitoring practice facilitates controlling its concentration level by adjusting
the outdoor air damper position when required. Section 2 presents extensive literature surveys
on DCV strategies that extracts the scope for further research studies in this area.
In view of this context, this study aims to address the following research questions:
▪

How a real life DCV system performs in terms of reduced energy consumption and
acceptable level of IAQ from the perspective of health?

▪

To what extent outdoor air ventilation rate can influence the indoor air CO2
concentration level?

▪

How can the control of real DCV system be improved through a vigorous case study
analysis in an existing building?

2. Related work
Numerous studies e.g. [4, 16-20] concentrated on DCV strategies with a view to minimizing
energy consumption whereas a limited number of studies e.g. [17-20] took into account indoor
CO2 concentrations while presenting DCV strategies.
Schibuola, et al. [17] proposed a CO2 based DCV that ensured 21% yearly savings in handled
air and 33% decrease in total primary energy consumption of AHU as compared with constant
air volume (CAV) systems. Their conducted investigation explored the abnormality of CO2
based ventilation control in meeting the indoor comfort requirement and concluded by
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suggesting a methodical use of long-term assessment to verify its control effectiveness in
different operating conditions. However, these studies did not build up a relationship between
occupancy level and CO2 concentration which could portray the indoor environmental
conditions for other seasons not included in their study, provided that occupancy level is
known. A model-based optimal ventilation control strategy for multi-zone VAV airconditioning systems was presented by Xu, et al. [16]. This study concentrated on optimizing
the total fresh air flow rate without compromising the indoor air quality and thermal comfort
despite this strategy was only tested in the simulated virtual environment. Nassif [18] proposed
a CO2 based DCV strategy that complies with the new ventilation requirements of ASHRAE
Standard 62.1 2010. This study reported that their proposed ventilation strategy can save up to
23% energy as compared to the design occupancy ASHRAE Standard 62.1 2010. To simplify
their calculation this study did not consider diversity factor. Also, a fixed outdoor CO2
concentration level was assumed in the calculation. To evaluate the proposed strategy, energy
simulations were performed for two defined occupancy patterns. Thus, this study lacks a realtime dynamic scenario. A dynamic CO2-based DCV strategy was presented by Lu, et al. [19]
for sports training arenas. This study demonstrates that their proposed ventilation strategy can
save around 26% of energy related to ventilation air compared to proportional control. The
major limitation of this study is that the obtained results are based on experimental simulations
which do not confirm its real applications. Also, to simplify the calculation outdoor CO2
concentration value is assumed constant which is not valid for the real scenario. Similarly, the
experiment conducted by Pantazaras, et al. [20] to identify a relationship between occupancy,
CO2 set-point, ventilation rate and cooling load for a university lecture theatre, was simulation
based. In addition, this study assumed a constant ambient value for CO2 concentration.
A number of studies e.g. [4, 21-23] focused on investigating energy saving opportunities by
the fan operations in VAV AHU systems compared with constant air volume (CAV) systems.
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By means of a lab setup and a simulation model of a 3 zone ventilation system Delwati, et al.
[4] evaluated the effect of fan control on both fan energy use and ventilation performance in
DCV system of a densely occupied office. Their results showed that energy reduction potential
of DCV with variable pressure set-point is the largest in zones with largely varying occupancy
profiles. However, this study did not take into account indoor environmental conditions. While
studying the energy saving opportunities for both the fans and ventilation heat losses, Merema,
et al. [23] proposed minimizing outdoor airflow rate with DCV without compromising IAQ
and ventilation efficiency. This study showed that when indoor CO2 concentration exceeded
set-point value, the outdoor air damper started modulating air intake with the increase in CO2
concentration. As per study results it took a certain time in the studied case building to lower
the concentration level below or equal to set-point value. This strategy contradicts acceptable
indoor air quality conditions which indicate maintaining concentration level below the
threshold limit all the time. Further, it was assumed that outdoor CO2 concentration level is
constant which does not represent a real scenario.
Various studies e.g. [24-27] used model-based control strategies to eliminate under-ventilation
or over ventilation within a building or to ensure efficient ventilation system. A model-based,
static pressure reset control strategy was proposed by Jing, et al. [24] to eliminate underventilation and over-ventilation, while consuming minimal energy. This study demonstrated
that their suggested revised system consumed less energy compared to traditional static
pressure reset control strategies. However, the proposed method was validated by conducting
experimental tests which may differ in many aspects from the real world system. Wang, et al.
[27] developed a ventilation control mechanism based on dynamic spatial occupancy
distribution (DSOD). Their results suggested that there is a potential of 20% energy saving
when the proposed approach is properly implemented. Despite the proposed method could
quickly and accurately respond to the dynamic variation of the occupancy condition, the study
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could not fully utilize the benefit of high-resolution occupancy because of adjusting a high
frequency time window. Further, the layout of the test bed used in this experiment was quite
simple compared to real office buildings. Kolokotroni and Aronis [26] revealed the opportunity
of cooling energy saving through investigating the applicability of night ventilation in
mechanically ventilated office buildings. Also, Vidrih, et al. [25] reported that an enhanced
night-time ventilation operated based on a model-based predictive weather control algorithm
can improve the efficiency of free cooling in a building. A benchmarking model for the energy
consumption of ventilation systems was proposed by Mui, et al. [28] from the fundamental
psychrometric analysis under typical design conditions. According to this study result there is
a close correlation between the annual energy-consumption of a ventilation system per unit
floor area and the CO2 concentration in the space.
Summary of the surveyed literatures and proposed DCV resetting strategy:
From the aforementioned discussion, it can be concluded that significant effort has been made
in utilizing DCV strategies for minimizing building energy consumption and improving the
quality of the indoor environment. Limitations still exist that provide opportunities for further
studies. For instance, the need for investigating the relationship between occupancy level and
CO2 concentration has been identified. Also, it has been found to be essential to test the
proposed strategies on a real system. While investigating the indoor environmental conditions
it is important to take into consideration the outdoor environmental conditions, which is absent
in most studies. With a view to simplify the calculation for ventilation rate, a few studies
overlooked important factors such as variable outdoor CO2 concentration level or assumed the
value of those parameters constant which may result in uncertainty in implementation of the
strategy in a real system. Further, most of the studies are based on a defined occupancy pattern
which does not represent the real-time dynamic scenario of occupancy. Fixing the indoor CO2
set-point considering health effects has rarely been addressed in past studies. Additionally,
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control of VOC concentration by adjusting the ventilation rate has seldom been included in
past studies.
Through extensive literature survey it is evident that there is a need for evaluating a real-world
DCV system from the perspective of IAQ. A study evaluating a real-time dynamic scenario for
ventilation strategies can determine the varying conditions offering pragmatic solutions to
existing complications within the DCV strategies in the context of a healthy indoor
environment. In this regard, this study sets the following objectives:
i.

Improve IAQ in the context of health effects.

ii.

Provide true insight into the performance of a typical VAV AHU system under different
operating conditions through a vigorous case study analysis in a real commercial
building.

iii.

Suggest possible modifications to current DCV strategy in the study building
prioritizing energy savings while simultaneously maintaining healthy indoor
environment.

Evaluation of a real-life DCV from the perspective of IAQ where both CO2 and VOC
concentrations are linked establishes new room to further improve IAQ. This study presents a
case study with dissimilar occupancy schedules for each zone where occupant numbers can
vary without following any predefined pattern. The ventilation system of the case building is
investigated through setting up real-time dynamic scenarios for the ventilation system. Finally,
this study proposes a DCV resetting strategy realizing energy saving opportunities while
strictly maintaining IAQ. The reason behind suggesting a DCV resetting strategy is that based
on location, the case building’s HVAC operation system strictly follow the Australian Standard
AS 1668.2. Despite this standard suggesting the flow rate for minimum introduced air per
person on the basis of dilution of human bio-effluents, no calculation or method is prescribed
by this ventilation standard to monitor and predict the indoor air CO2 concentration. This
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minimum ventilation rate per person is suggested for particular type of buildings based on
design occupancy. When this ventilation standard is applied for DCV it follows the variable
occupancy pattern where in most cases design occupancy level is not maintained. As a result,
this standard procedure aiming at maintaining adequate ventilation rate without compromising
IAQ may not work satisfactorily for DCV if a CO2 based ventilation reset strategy is not
applied. Moreover, when this ventilation standard is applied in multi-zone HVAC systems
considerable challenges arise within the system.
This paper is organized as follows: In Section 3 the methodology for evaluating a real-world
DCV system is described which ultimately suggests modifications to the existing operating
conditions of the ventilation system. Section 4 presents a case study focusing on existing
operating conditions of the AHUs in the study building. Subsequently evaluation results are
presented and discussed in Section 5. Lastly, Section 6 concludes with a description of the
important findings and addresses possible future tasks.
3. Methodology
To improve IAQ in the context of health effects it is worthwhile studying the performance of
a typical VAV AHU system under different operating conditions through a vigorous case study
analysis. This study investigates the performance of current DCV strategy existing in the case
building in the context of two ventilation standards - ASHRAE 62.1 and AS 1668.2. A
comparative analysis has been performed between these two standards in the context of real
time occupancy scenarios. This analysis in turn aids in predicting and monitoring the indoor
air CO2 concentration for real time scenarios using the mass balance Equation for CO2
concentration prescribed by ASHRAE Standard 62.1. To demonstrate the importance of
improving IAQ, this study sets up real time scenarios and evaluates current DCV in the study
building considering IAQ and without considering IAQ. Based on case study analysis this study

219

suggests possible modifications to the existing DCV strategies prioritizing energy savings
while strictly maintaining a healthy indoor environment.
To fulfil the objectives, this study follows a systematic procedure as outlined in Figure 1. The
complete procedure can be divided into four segments: approach, evaluate, develop and
propose. These segments are discussed in depth in the following subsections.
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Figure 1: Flowchart for methodological procedure for this study
3.1. Approach: Approaches for calculating ventilation rate
3.1.1. ASHRAE Standard 62.1
Multi-zone ventilation:
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Model for AHU
energy consumption

Proposed changes in
actual DCV

In ventilation rate procedure outdoor air intake rates are determined based on space type/
application, occupancy level, and floor area.
The ventilation rate procedure in ASHRAE Standard 62.1 2016 [29] has specific calculations
for multi-zone systems.
The minimum outdoor airflow required in the breathing zone (Vbz) of the occupiable space or
spaces in a ventilation zone is given by [29]:
𝑉bz = 𝑅p × 𝑃z + 𝑅a × 𝐴z

(1)

Where
𝐴z = zone floor area, the net occupiable floor area of the ventilation zone; 𝑃z = design zone
population, the number of people in the ventilation zone during use; 𝑅p = outdoor airflow rate
required per person; 𝑅a =outdoor airflow rate required per unit area
The Rp and Ra are determined from the table in ASHRAE Standard 62.1 based on occupancy
category.
As illustrated in Equation 1, 𝑉bz is defined by two components. 𝑅a per area component is
included to calculate the minimum breathing zone outdoor airflow required to dilute nonoccupant emissions whereas 𝑅p per person component is added to take into account additional
dilution of human bio-effluents.
The zone outdoor airflow (𝑉oz) provided to the ventilation zone by the supply air distribution
system is given by:
𝑉oz =

𝑉bz

(2)

𝐸z

Where
𝐸z = zone air distribution effectiveness
The default value for 𝐸z can be determined from the table in Standard 62.1 based on the air
distribution configuration
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In case of ventilation systems wherein one or more air handlers supply a mixture of outdoor air
and recirculated air to more than one ventilation zone, the outdoor air intake flow (𝑉ot ) is given
by:
𝑉ot = ∑𝑎𝑙𝑙 𝑧𝑜𝑛𝑒𝑠 𝑉oz

(3)

The primary outdoor air fraction 𝑍pz for ventilation zones is given by:
Zpz =

Voz

(4)

Vpz

Where Vpz is the zone primary airflow to the ventilation zone, including outdoor air and
recirculated air.
The system ventilation efficiency (𝐸𝜈 ) can be determined from the designated Table in
ASHRAE Standard 62.1 [29] based on calculated maximum value of Zpz .
The uncorrected outdoor air intake (Vou) flow is given by:
𝑉ou = 𝐷∑𝑎𝑙𝑙 𝑧𝑜𝑛𝑒𝑠 (𝑅p × 𝑃z ) + ∑𝑎𝑙𝑙 𝑧𝑜𝑛𝑒𝑠 (𝑅a × 𝐴z )

(5)

Where D is the occupant diversity ratio and determined in accordance with Equation (6)
𝐷 = 𝑃s /∑𝑎𝑙𝑙 𝑧𝑜𝑛𝑒𝑠 𝑃z

(6)

Where 𝑃s is the design system population in the area served by the system.
𝑃s should be always equal to or less than ∑𝑎𝑙𝑙 𝑧𝑜𝑛𝑒𝑠 𝑃z because all zones may not be
simultaneously occupied at design population.
The design outdoor air flow (Vot ) is determined in accordance with Equation (7)
Vot = 𝑉ou /𝐸𝜈

(7)

IAQ:
In the context of IAQ, the building outdoor air intake rates and other system design parameters
are decided based on an analysis of contaminant sources, contaminant concentration limits, and
level of perceived indoor air acceptability.
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ASHRAE Standard 62.1 [29] provides the mass balance equation to predict the difference
between zone indoor CO2 concentration (Cz) and outdoor CO2 concentration (Co) at steadystate conditions (the air supplied to the space is assumed to be well mixed and zone air
distribution effectiveness Ez = 1):
𝑁

z
𝑉oz = (𝐶 −𝐶
)
z

(8)

o

Where Nz is the zone CO2 generation rate per person and is determined from the designated
plot in ASHRAE Standard 62.1 based on occupants’ metabolic rate.
Equation (8) is used in this study to determine the zone variable outdoor air flow rates for the
recorded changing data of breathing zone CO2 concentration.
The zone CO2 concentration Cz is given by:
𝑁

𝐶z = 𝐶o + 𝑉 z = 𝐶o + 𝑅
oz

𝑁z

p ×𝑃z +𝑅a ×𝐴z

(using Eq. (1) and (2), and assuming Ez = 1)

(9)

Equation (9) is used in this study to determine the resulting breathing zone CO2 concentrations
for the calculated minimum zone outdoor airflow rate. This calculated minimum outdoor
airflow rate is found to be changing for observed variable occupancy level.
ASHRAE Standard 62.1 [29] also provides the mass balance equation for the contaminant-ofconcern which can be used to determine the required outdoor airflow or the breathing zone
contaminant concentration. However, the equation is only applicable for single zone.
Therefore, to apply that equation in the studied case building, the whole building needs to be
considered as a single zone which will not give reliable results to adapt in the real system.
Moreover, to use that Equation it is required to specify the allowable breathing zone
contaminate concentration which is not specified by any standards for TVOCs. Because of
these constraints this study did not include this part of calculation. Rather, this study attempts
to correlate the collected time-series data of VOC concentration with corresponding time-series
data of CO2 concentration to reveal important associations between them.
Combined IAQ Procedure and Ventilation Rate Procedure
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This procedure refers to IAQ procedure in conjunction with the ventilation rate procedure to
be applied to a zone or system. In this case, the ventilation rate procedure is used to determine
the required zone minimum outdoor airflow, whereas IAQ procedure is used to determine the
additional outdoor air or air cleaning necessary to achieve the concentration limits of the
contaminants as well as contaminant mixtures of concern.
Therefore, according to this procedure in the context of case building comprising three levels
Equation (3) can be derived as
𝑉ot = 𝑉𝑜𝑧1 + 𝑉𝑜𝑧2 + 𝑉𝑜𝑧3

(10)

Using Equation (8) 𝑉ot is given by
𝑉ot = (𝐶

𝑁z

z1 −𝐶o )

+ (𝐶

𝑁z

z2 −𝐶o )

+ (𝐶

𝑁z

(11)

z3 −𝐶o )

Based on occupancy category it is assumed that occupants’ metabolic rate is ≤1.3 met
according to ASHRAE Standard 55-2017[30] for which Nz value is found as 0.33 L/min.
3.1.2. AS Standard 1668.2
Multi-zone ventilation - Calculation procedure for multiple enclosures (Central air
cleaning-particulate filtration only):
In AS 1668.2 [31] standard each zone is considered as individual enclosure.
In case building, there are three zones, each representing individual enclosure for calculating
outdoor airflow according to this standard.
The steps that are followed to determine the system’s minimum introduced outdoor air rate, 𝑄𝑓
and the efficiency of central air cleaner efficiency, 𝑒𝑐 can be found in Appendix A.
3.2. Evaluate: Evaluation of DCV including/excluding IAQ
The DCV strategies existing in the study building are evaluated based on aforementioned
standards through setting up contextual scenarios. To set up scenarios three situations are
considered. These scenarios are detailed in the following subsections.
3.2.1. DCV through setting up scenario based on occupancy
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To perform this analysis six different scenarios are considered representing 100%, 80%, 50%,
32%, 30% and 20% of design occupancy in the study building. For each scenario minimum
introduced outdoor air rate is determined and plotted against occupancy curve to visualize their
relative trends. This analysis is carried out following both standards and a comparative analysis
is done to provide an in-depth perception about these scenarios. These studied customized
scenarios provide better understanding of real scenarios discussed afterwards.
3.2.2. DCV in the context of real scenario without considering IAQ
To assess DCV in the context of real scenarios four specific days are picked from whole year
based on unique occupancy patterns in each level. These days’ occupancy charts are plotted
using building entrance and exit gate count data. Also, time to time manually head count
technique is applied to cross check the gate count data. For the observed transient occupancy
data, the required minimum outdoor air intakes are calculated and plotted against occupancy
clustered column chart to figure out the relative trend. For individual calculations in accordance
with AS 1668.2 [31] and ASHRAE 62.1 [29] the lag time/lead time is considered according to
occupancy level and air intake rate is adjusted with changing occupancy.
3.2.3. DCV in the context of real scenario considering IAQ
Before evaluating the DCV strategies existing in the study building in the context of real
scenario considering IAQ, this study conducts an observational survey of the building site and
its immediate surroundings during occupied hour to identify if there are any local contaminants
of concern from surrounding facilities. Also, immediate one-year 5 minutes’ interval outdoor
and indoor air CO2 and VOC concentration data are collected from the BMS [32] and
examined. A comparative trend analysis has been performed for indoor CO2 and VOC
Concentrations based on plotted data for zone 2, 3 and 4.
Next, in the context of real scenario, the correlation between outdoor air intake and variation
in CO2 concentration involving indoor and outdoor is revealed for a specific day. Subsequently,
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in the study building indoor CO2 concentration is investigated for two selected specific days
and its effect on outdoor air intake is surveyed. Finally, this study extracts the relationship
between outdoor air intake and AHU Energy consumption by comparing the trend log for
outdoor air intake and AHU energy consumption over a 24hr period.
3.3. Develop: Development of model for AHU energy consumption
The foundation of a multiple control variable optimization problem is to predict the response
of a system. The response of this optimization problem is energy consumption of AHU. The
overall modelling framework comprises two selection processes; (i) selection of training
algorithm and (ii) selection of the subset of input variables/features.
Different training algorithms used in regression models follow different approaches. And the
performance of the regression models varies based on different training algorithms being used.
Depending on the characteristics of input and output parameters, the relationship between input
and output parameters and the size of data-sets different algorithms may fit. However, there is
no better way other than trial and error method to select the best suited training algorithm in
terms of speed, accuracy, and model fitting capability. As for instance, highly flexible models
tend to overfit data by modelling minor variations that can create noise while simple models
are easier to interpret but may have lower accuracy. Therefore, choosing the right algorithm
requires trading off one benefit against another. In this study MATLAB regression learner
toolbox has been used to train the regression models using variety of algorithms and then to
compare the performance of the developed models. Five major types of regression models:
Regression Tree, Ensemble of Tree, Linear Regression, Support Vector Machine, Gaussian
Process Regression are used in this study. Details about the characteristics of these models can
be found in Appendix B. Thus, the influence of training algorithms on model performance is
investigated through this analysis and best performing algorithm is selected for developing
predictive model.
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The performance of the trained models is assessed based on performance indicators such as:
speed, accuracy and complexity. These performance indicators are quantified based on the
result of performance comparison metrics: root mean square error (RMSE), mean absolute
error (MAE) and coefficient of determination (R-Squared) and iteration time. The
characteristics of these performance comparison metrics and the equations used for calculating
these metrics can be found in an earlier study [33].
Finally, the predictive model is validated using 5-fold cross validation method. This method
protects against over fitting by partitioning the data set into 5 folds and estimating accuracy on
each fold.
The input parameters of this predictive model are selected from a wide-range of variables by a
sequential feature selection method – a method that has been described in an earlier study [33]
of the authors.
The procedure that is followed to develop the stated prediction model is portrayed in a
flowchart as shown in Figure 2.
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Flow chart for regression model
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Fig. 2: Flowchart for regression model
3.4. Identify: Identification of possible positive outcome
Finally, the predictive regression model has been optimized with genetic algorithm (GA) to
suggest possible savings in AHU energy consumption. The control variables for this
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optimization problem are selected and varied within a limit to provide minimal energy
consumption. The objective function of this optimization problem is AHU energy
consumption. To solve the proposed optimization problem MATLAB Global Optimization
Toolbox has been used. The genetic algorithm GA sends a set of individual solutions for
different values of control variables to regression model. The regression model then estimates
the objective function (AHU energy consumption) and send it back to the GA to eliminate,
evolve, and pass this solution to the next generation. This process continues until optimal/or
near optimal solutions are found.
4. Case study
As a case study, a real multi-story commercial building’ located in WA, Australia has been
considered in this study in the context of two established standards for building mechanical
ventilation systems – AS 1668.2 2016 [31] and ASHRAE 62.1 2016 [29]. The former one
refers to the Australian standard while the other one refers to the USA standard. This study
reveals some differences within the ventilation calculation procedure and minimum ventilation
rate between the stated standards, which is obvious due to variation in climatic conditions.

Fig. 3: The Murdoch University Library North Building
4.1. Study Building
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The considered multi-story commercial building is a library building of Murdoch University,
Australia. This building’s HVAC was originally designed and built in 1974. Since then this
building has undergone a number of BMS upgrades, pneumatic to Direct Digital Control
(DDC) to the current controls set up as well as adding variable speed drives (VSDs),
replacement dampers etc. At each upgrade state ensuring performance was contemporary with
the current standards applicable, although not mandatory, was seen as important. Details about
this building can be found in earlier studies. Library spaces belong to special HVAC system
applications where ventilation rates, pressurization control, space temperatures and humidity
set-points, and fresh air requirements should be dictated according to building code [34].The
selected building is a multi-story 5873 m2gross floor area, 3853 m2useable floor area building
comprising four levels as shown in Figure 3. This building features variable occupancy pattern
which is not predefined. The detailed information about building configuration and opening
hours in each level is presented in an earlier study [35] of the authors. During the occupied
hours, occupancy level varies considerably in Level 2 and 3. Level 4 featuring office activities
upholds almost fixed occupancy level throughout the day. Table 1 provides design occupancy
information in each level of study building.
Table 1: Design occupancy in each level of study building
Level

2

3

4

Total

Design

300

180

57

537

occupancy
Note this building has no level 1.
This building is served by a variable air volume (VAV) air conditioning system. In an earlier
study [35] the configuration of VAV controllers and air handling units (AHUs) has been
described for the study building. Also, CO2 and VOC sensors are connected to programmable
air damper controllers and inverters controlling the electric motors of the fans which ultimately
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vary the fan speed and consequently the air flow rate. Properties of these sensors are specified
in Table 2. Outside air damper overrides the adjustment required for maintaining minimum
ventilation rate when indoor air CO2 concentration reaches 600 ppm and damper opening
percentage increases proportionally with the increase in CO2 concentration. When indoor air
CO2 concentration reaches 800 ppm, outside air damper is adjusted to 100% opening allowing
maximum rate of outdoor air intake. Should the outdoor VOC concentrations reach 1000 ppm,
the system sets the outdoor air damper to minimum, thereby reducing VOC pollutants entering
the building.
Table 2: Properties of the CO2 and VOC sensors used for measurements
Parameter

Sensor type

Accuracy

CO2 concentration

Siemens QPA2002

≤±(50 ppm + 2 % of
measured value)

VOC concentration

Siemens QPA2002

≤±(50 ppm + 2 % of
measured value)

The ventilation system of study building:
The ventilation systems of this building have been designed and remodeled to functionally suit
the buildings changing occupancy and usage profile. The stated ventilation systems comply
with following conditions:
•

Variable or transient occupancy

•

A system with variable air volume

•

Demand control ventilation (DCV)

These conditions are discussed in details in the context of AS 1668.2 [31] in Appendix C.
The control program for AHUs has been designed in such a way that several control strategies
as detailed in Figure 4 can be implemented. These control strategies have been incorporated
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with existing DCV system of the case building to provide better control over the outdoor air
ventilation rate.

Figure 4: Operational strategies of AHU in the study building
5. Results and discussion
5.1. DCV through setting up scenario based on occupancy
5.1.1. AIRAH 1668.2
According to this ventilation standard, DCV strategy is suitable for enclosures having transient
occupancy. As per this standard 𝑄𝑓 ∝ (𝑎𝑐𝑡𝑢𝑎𝑙 𝑒𝑛𝑐𝑙𝑜𝑠𝑢𝑟𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛) 𝑜𝑛 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑄𝑓 ≥
𝐴 × 0.35 𝐿/𝑠. 𝑚2
When occupancy based 𝑄𝑓 < 𝐴 × 0.35 𝐿/𝑠. 𝑚2 , 𝑄𝑓 = 𝐴 × 0.35 𝐿/𝑠. 𝑚2
𝑊here, A = Area of the enclosure, in m2
To determine the tradeoff between occupancy-based minimum and area-based minimum, six
different scenarios are considered in this study based on occupancy percentage. Scenario 1, 2,
3, 4, 5 and 6 represent respectively 100%, 80%, 50%, 32%, 30% and 20% of design occupancy
as stated in Table 1. Figure 5 illustrates that transition from scenario 1 to 3 makes the 𝑄𝑓 value
drop by 2629.27 L/s. From scenario 1 till scenario 3 it follows the curve for occupancy-based
minimum. Scenario 4 can be considered as tradeoff point where occupancy-based minimum
introduced outdoor air rate is slightly lower than area-based minimum. Therefore, in scenario
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4 𝑄𝑓 value is shifted to area-based minimum introduced air rate and follows that curve till very
last specified scenario.

Trade off point

Figure 5: Tradeoff between occupancy-based minimum and area-based minimum
Considering the 𝑄𝑓 value 100% for 100%

100%
90%
80%
70%
60%
50%
40%
30%
20%

design occupancy which is Scenario 1, the
other corresponding values are calculated for

Qf

Scenario 6

Scenario 5

Scenario 4

Scenario 3

Scenario 2

Scenario 1

other Scenarios in percentage and plotted
against occupancy level in Figure 6 to
exhibit the relative trend. This Figure

Occupancy

Figure 6: Relative trend of Qf value and occupancy level

demonstrates that the curve for minimum

introduced outdoor air rate follows the occupancy trend till Scenario 4 starting from Scenario
1. From Scenario 4 till Scenario 6, 𝑄𝑓 value remains constant and does not uphold proportional
relationship with enclosure occupancy.
5.1.2. ASHRAE 62.1
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Likewise considering the outdoor air intake, Vot

100%
90%
80%
70%
60%
50%
40%
30%
20%

100% for 100% occupancy, the other scenarios are

Occupancy Level

Scenario 6

Scenario 5

Scenario 4

Scenario 3

Scenario 2

Scenario 1

set for 80%, 50%, 32%, 30% and 20% of design
occupancy

respectively

and

plotted

against

occupancy level in Figure 7. This Figure portrays

Vot

the relative trend between Vot and occupancy level
Figure 7: Relative trend of Vot value and
occupancy level

with changing values. As shown in Figure 7 the

changing pattern for both curves (Vot and occupancy level) is same even though this varying
rate is not same for both. Vot value drops gradually with rapid descending movement of
occupancy percentage. This is because according to ASHRAE Standard 62.1 in all cases areabased minimum air intake is added up with occupancy based minimum air intake. Area based
minimum air intake is constant for a specific zone whereas occupancy based minimum air
intake is changing with occupancy level. Therefore, it is justified to exhibit gentle downward
movement of Vot curve against rapid downhill movement of occupancy curve.
Relationship between occupant density and required minimum ventilation rates per
person:
24
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Figure 8 depicts the relationship between
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occupant density and required minimum
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Level 3

100%

Level 4

5

of

design

occupancy

while

scenario 2, 3 and 4 indicate respectively
80%, 50% and 20% of design occupancy.

Figure 8: Occupant density and required minimum
ventilation rates per person

Scenario 5 indicates default occupant

density for libraries which is equal to 10 per 100 m2 according to ASHRAE 62.1. As shown in
Figure 8 zone outdoor air intake per person denoted by Voz/person changes with the variations
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in occupant density and they maintain an inversely proportional relationship between them.
This is due to the fact that as per Equation 2, for Ez = 1 Voz/person is the combination of
occupancy based outdoor air rate/person and area based outdoor air rate/person. When in the
same area occupant density increases, area based outdoor air rate/person decreases logically.
On the other hand, occupancy based outdoor air rate/person retains its actual value. Therefore,
for variable occupancy level, minimum ventilation rate per person changes with time. For high
occupancy level combined outdoor air rate per person becomes low. For that reason, for all
zones scenario 1 shows higher occupant density and lower outdoor air rate per person in
contrast to scenario 2, 3 and 4. Zone 2 possessing highest design occupancy as indicated in
Table 1 logically shows highest occupancy density and lowest outdoor air rate per person in
scenario 1. Since other scenarios excluding scenario 5 are set based on design occupancy in
each level, zone 2 always maintains the same trend for both occupancy density and ventilation
rate. Since scenario 5 represents default occupancy status as per ASHRAE 62.1 which is
applicable for all zones hence, occupant density curves of all zones merge here. Likewise, all
ventilation rate/per person curves unite together in scenario 5. Further analysis is required to
identify if the provided outdoor air rate is sufficient to maintain IAQ threshold limit at high
occupancy limit. Section 5.2.3. - 5.2.5. of this paper provides a deep insight about IAQ through
extensive analysis in the context of real scenario.
5.1.3. Comparative analysis between two aforementioned standards
The difference between minimum rate of air intake or minimum rate of introduced air in
ASHARE 62.1 and AS 1668.2 can be better comprehended from Figure 9. Since Qf value
strictly depends on occupancy level up to certain level as demonstrated in Section 5.1.1, this
curve falls sharply to that point. After that this curve follows the curve of area-based minimum.
On the other hand, Vot curve maintains gradual descending movement throughout the course.
For 100% occupancy which is Scenario 1 Qf value is much higher than Vot value. This is
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Vot/Qf (L/s)

5000
4500
4000
3500
3000
2500
2000
1500
1000

Scena Scena Scena
rio 1 rio 2 rio 3
Vot 3633.4 3378.3 2995.7
Qf 4824.2 3712.5 2195.0

Vot

Qf

because for particular occupancy category AS
1668.2 specified minimum required outdoor air
per person is higher than that of ASHARE 62.1.
As a result, with the increase in occupancy level,

Scena Scena Scena
rio 4 rio 5 rio 6
2766.2 2740.7 2613.1

AS 1668.2 specified required amount of

1375.5 1375.5 1375.5

Figure 9: Minimum rate of air intake or introduced
air in ASHARE 62.1 and AIRAH 1668.2 standard

occupancy based minimum introduced air
increases rapidly in contrast with that of

ASHARE 62.1. As shown in Figure 9 in between Scenario 2 and Scenario 3, Qf value becomes
almost equal to Vot value. At one stage which is Scenario 3 representing 50% occupancy Qf
value becomes lower than Vot. Qf curve retains its steep downhill movement till Scenario 4
where the difference between these two curves becomes maximum. From Scenario 4 to
Scenario 6 Qf curve follows the path of horizontal straight line whereas Vot curve retains its
steady downward movement.
Calculating occupant density for all studied scenarios it can be summarized that for high
occupancy level signifying 14 occupants per 100 m2, AS 1668.2 specified minimum ventilation
rate is higher than that of ASHARE 62.1. For occupant density 11 per 100 m2, AS 1668.2
prescribes a slightly high minimum ventilation rate compared to ASHARE 62.1. Both
standards suggest the same minimum ventilation rate when occupant density is around 10 per
100 m2. However, for medium occupancy level in the study building indicating 7 occupants
per 100 m2 AS 1668.2 prescribed minimum ventilation rate is lower than that of ASHARE
62.1. For low occupancy level suggesting 4 occupants per 100 m2 or lower than that AS 1668.2
suggests for maintaining area based minimum ventilation rate. Note that occupant density is
calculated for each scenario based on the number of occupants considered and area of that
space.
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It is necessary to investigate how these two standards are performing in terms of IAQ when
their prescribed minimum ventilation rate is maintained. This has been detailed in Section 5.2
in the context of real scenario.
5.2. DCV in the context of real scenario
To observe the occupancy level in each level of case building at different periods round a year,
four specific days are selected that confirms unique occupancy patterns in each level. Figure
10(a), 10(b), 10(c) and 10(d) characterize occupancy level in weekdays during study break
before exam, weekdays during exam period, weekend during exam period and University
holiday during semester break respectively.
On 06/06/18 that signifies common scenario of weekdays during study break before semester
exam, occupancy level varied quite abruptly with highest occupancy level been observed at
11:30am which is 504. After 11:30 am occupancy level dropped gradually reaching 348
number at 5:00 pm. After 5:00 pm Level 4 became unoccupied according to occupancy
working time schedule. After 11:00pm Level 3 became completely unoccupied. On the other
hand, Level 2 was occupied full 24 hours although its occupancy level fluctuated throughout
the day. Figure 10(a) visualizes the real occupancy pattern of that day (06/06/18).
On 06/06/18 that represents common scenario of weekdays during semester exam period,
occupancy level varied throughout the day with highest occupancy level been observed from
11:00-11:30am which is 486. After 11:30am occupancy level decreased gradually while at 5:00
pm and 11:00 pm occupancy level declined further due to unoccupied time schedule of Level
4 and 3 respectively. Because of 24/7 opening hour for level 2 this level was occupied
throughout the day with a similar occupancy pattern as observed on 06/06/18 but slightly lower
numbers of occupancy. Figure 10(b) illustrates the actual occupancy scenario of that day
(06/06/18).
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On 16.06.18 that characterizes common scenario of weekends during semester exam period,
occupancy level varied throughout the day in level 2 whereas Level 3 was occupied with
variable numbers of occupancy between 10:00 am to 5:00 pm. Because of occupants’
unoccupied time schedule on weekend, Level 4 was completely vacant on that day and Level
3 was occupied for a shorter period. Also, throughout the day occupancy level was much lower
than that of weekdays. The highest occupancy level was observed at 11:00 am which is 360.
The occupancy pattern of that day is pictured in Figure 10(c).
On 03.01.18 characterizing common scenario for University holidays during semester break
shows a small number of occupants for a certain period between 10am to 8:30pm in Level 2
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and 3. Figure 10(d) depicts the real occupancy pattern of that date.
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Figure 10: Occupancy level (a) 06.06.18 (Weekday – Study break before exam) (b) 12.06.18
(Weekday – Exam Period) (c) 16.06.18 (Weekend – Exam Period) (d) 03.01.18 (University
holiday – Semester break)
5.2.1. Establish a relationship between occupancy level and minimum outdoor air intake
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To evaluate the relationship between occupancy level and minimum outdoor air intake, the
required minimum outdoor intake was calculated for four aforementioned days in context of
DCV for observed transient occupancy. Figure 11 illustrates total occupancy level combining
three levels, minimum rate of outdoor air intake /introduced outdoor air denoted by Qf and Vot
for AS Standard 1668.2 and ASHRAE 62.2 respectively on the same chart for visualizing the
relative trend between these curves.
As shown in Figure 11(a), 11(b) and 11(c) the curve for Qf follows the occupancy trend once
occupancy level reaches certain percentage for which occupancy-based minimum introduced
outdoor air is higher than that of area-based minimum. For Figure 11(a) and 11(b) representing
weekdays area based minimum rate of introduced outdoor air calculation considers all Levels
(1, 2 and 3) between 8 am to 5pm. From 5pm to 11pm two Levels (1 and 2) are considered
whereas rest of the time only Level 2 space area is taken into account. On the other hand, for
Figure 11(c) representing weekend, area based minimum rate of introduced outdoor air
calculation considers two Levels (1 and 2) between 10 am to 5pm and rest of the time only
Level 2 space area is taken into account. Because of variation in area based minimum rate of
introduced outdoor air at different times of the day, the distinction between weekdays and
weekends occupancy working time schedule and variation in occupancy level, the trade off
point for Qf between occupancy-based minimum introduced outdoor air and that of area-based
minimum is unlike at different time and different days. As shown in Figure 11(a) Qf curve
follows the occupancy-based minimum introduced outdoor air curve from 6:30am to 8:00pm,
while in Figure 11(b) and Figure 11(c) Qf curve follows the occupancy-based minimum
introduced outdoor air curve from 6:00am to 7:00pm and 7:00am to 4:30pm. In Figure 11(d)
Qf curve solely follows the area-based minimum introduced outdoor air curve because of
having higher value compared to occupancy-based minimum.

240

The calculation for minimum rate of outdoor air intake denoted by Vot, is straight forward and
depends on area-basis outdoor air intake, occupancy basis outdoor air intake and ventilation
efficiency. For very low occupancy when Qf curve follows the curve for area-based minimum
introduced outdoor air, Vot curve is generated using ASHRAE standard 62.2 specified formula
which is a combination of area-basis outdoor air intake value, occupancy basis outdoor air
intake and ventilation efficiency. As a result, at that situation Vot values are always higher than
Qf values. On the other hand, at one stage Qf values exceed Vot values due to higher outdoor
air intake rate per person as specified in AS 1668.2 for particular occupancy category.
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Figure 11: Relation between occupancy level and minimum outdoor air intake according to AS standard 1668.2 and ASHRAE standard 62.2 (a)

5.2.2. Examining the outdoor air CO2 and VOC Concentration
Each indoor environment is exclusively described by its specific outdoor air. Hence, it is well
recognized that outdoor air quality should be acceptable for ventilating a building to add a
positive impact on IAQ. In view of this Yu, et al. [36] stated that if the outdoor air is strongly
contaminated, its entry into the building spaces through the ventilation systems increases the
air pollutants inside the building spaces.
Based on this perception, the study building’s BMS maintains a lock out point for VOC
concentration which is 1000ppm. This indicates that in case outdoor air VOC concentration
reaches 1000 ppm, outdoor air damper locks out plugging outdoor air intake. This lock out
point was fixed based on current practice in Australia. To observe the actual situation regarding
its concentration level, whole one-year data from 16/06/2017 to 15/06/2018 has been retrieved
from the BMS [32] and plotted in a chart as shown in Figure 12. To clearly trace the trend of
changes in the VOC level this Figure also shows the curve for 2 per. Mov. avg. which is
regarded as smoothed time series for the plotted data. As can be seen from this chart outdoor
VOC concentration exceeded the lock out level several times. In each case outdoor air damper
locked out upholding indoor air quality.

Figure 12: Outdoor VOC concentration over one-year period
Consequently, it is important to investigate the outdoor air CO2 concentrations to ensure the
acceptability of its concentration level from the point of health issues. According to ASHRAE
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62.1 CO2 concentrations in acceptable outdoor air typically range from 300 to 500ppm. CO2
concentrations higher than that can be an indication of combustion and/or other contaminant
sources. Figure 13 shows the fluctuation of outdoor CO2 concentration level throughout oneyear period as well as the trend of changes in the CO2 level by plotting 2 per. Mov. avg. This
Figure confirms that the concentration level of this contaminant was below the threshold limit
which is 500ppm for outdoor air.

Fig. 13: Outdoor CO2 concentration over one-year period
5.2.3. Comparative trend of indoor CO2 and VOC Concentrations
Figure 14(a), 14(b), 14(c) display comparative trends of indoor CO2 and VOC concentrations
for zone 1, zone 2 and zone 3 respectively. These Figures indicate that there may be a
connection between these two concentration levels even though the source of these
contaminants differs. The curve for VOC concentration largely follows the trend of CO2
concentration despite the fact that concentration levels are not same. CO2 concentrations are
directly related to occupancy level while VOC concentrations are indirectly associated with
occupancy level in terms of their usage of VOC originated products e.g. cosmetics, perfumes,
air fresheners, etc. Therefore, further studies are required to explore the influence of occupancy
level on VOC concentrations. Only in December and January these curves are showing unlike
trends. This is because occupancy level is generally low during this period resulting in
comparatively lower level of CO2 concentrations. On the contrary, VOC concentrations
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originating from air fresheners, various cleaning products, stored paints and varnishes, arts and
crafts materials maintained quite similar curve profile during this period.
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Figure 14: Comparative trend of indoor CO2 and VOC concentrations (a) zone 1 (b) zone 2
(c) zone 3
5.2.4. Correlation between outdoor air intake and variation in CO2 concentration
To portray the relation between outdoor air intake flow rate and variation in CO2 concentration
between indoor and outdoor in the context of real scenario featuring dynamic occupancy and
variable air volume (VAV) system, Voz curves for concerning zones are plotted against Cz-C0
in Figure 15. Cz-C0 values are calculated using Equation 9 for calculated Voz values for a
specific day (12.06.18) confirming high occupancy level during opening hours of each zone in
case building. It is considered that the metabolic rates for typical tasks (e.g. seated, quite;
standing, relaxed; reading, seated; writing; typing; filing, seated) that belong to library
activities of occupants, are less than or equal to 1.2 met. At an activity level of 1.2 met units,
corresponding to sedentary occupants, the CO2 generation rate is determined as per ASHRAE
62.1 2016 and used in Equation 9 to calculate dynamic time-series values of Voz. As outlined
in Figure 15 the variation in CO2 concentration between indoor and outdoor of case building is
negatively correlated with required minimum outdoor air intake flow rate per person. This
Figure identifies the optimum point for each zone in terms of Voz and Cz-C0 values. For zone 1
the optimum point is found at around 5:30am and 9:30pm when Voz and Cz-C0 values are
approximately 30 L/s-person and 160ppm respectively. For zone 2 the optimal point is located
at around 9:00pm when Voz and Cz-C0 values are approximately 45 L/s-person and 120ppm
respectively. For zone 3 it is not possible to locate the optimum point as occupancy level was
almost constant during working hour. Thus, calculated Voz and Cz-C0 values are found constant
during that period.
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Fig. 15: Relation between outdoor air intake and variation in CO2 concentration between indoor and
outdoor

5.2.5. Investigation of indoor CO2 concentration
The indoor air CO2 concentrations for each level of case building denoted by Cz are calculated
using Equation 11 and compared that with actual values by plotting them in Figure 16. To make
comparisons between actual and calculated Cz values, two specific days - 12.06.18 and
16.06.18 are selected representing weekday and weekend respectively. Both days belonged to
University exam period and thus, ensure high occupancy level especially at day time. Figure
16(a), 16(b) and 16(c) represent comparative curves for zone 1, zone 2 and zone 3 respectively
on 12.06.18 while Figure 16(d), 16(e) and 16(f) signify relative curves for those zones taking
place on 16.06.18. For all Figures Cz values are determined using calculated values of required
minimum rate of outdoor air intake according to ASHRAE Standard 62.1 and AS Standard
1668.2. As can be observed from Figure 16 the curves for calculated Cz have crossed the
threshold limit most of the time that has been considered in this study. This is because these
minimum ventilation rate equations are derived in ASHRAE Standard 62.1 and AS Standard
1668.2 on the basis of design occupancy where it is expected that occupant density is close to
default value for the particular occupant category and this occupancy level is constant during
occupied hours. As a result, when these equations are used for determining the minimum
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ventilation rate for multi-zone with variable occupancy and accordingly ventilation rate is
controlled, they may not maintain acceptable IAQ. Therefore, it is necessary to follow IAQ
procedure in conjunction with the ventilation rate procedure. IAQ procedure can determine
the additional outdoor air to achieve the concentration limits of the contaminants. Also, this
procedure can be used to quantify the improvement of IAQ through the provision of additional
outdoor air in combination with minimum ventilation rates. However, in AS Standard 1668.2
no steady state mass balance has been proposed which can be used to quantify the IAQ quality.
Rather it is proposed to form a test panel to evaluate the IAQ. The evaluation result is judged
based on 80% acceptance by an unadapted test panel or on the basis of comparative relation
between two spaces. These evaluation techniques are not suitable for variable occupancy where
CO2 concentration level may fluctuate concurrently. According to AS Standard 1668.2 where
it is required to take into account the environmental performance and the effects of various
contaminants on the health and welfare of the occupants, the indoor air CO2 concentration
should be maintained by 600-800ppm depending on CO2 concentration level of outdoor air.
Under that circumstances, it is recommended by this standard to provide excess air in
conjunction with the minimum outdoor air. To quantify the improvement of IAQ because of
providing excess air it is necessary to use the steady state mass balance equation proposed by
ASHRAE Standard 62.1.
In this study the calculated 30-minute interval time series data for minimum rate of introduced
air as per Australian Standard AS 1668.2 is used in steady state mass balance equation (9) to
identify the indoor air CO2 concentration profile if minimum ventilation rate was maintained.
The comparative analysis presented in Figure 11 provide deep insights about minimum
ventilation rate prescribed by these two standards in the context of real scenario and also, the
necessity of providing excess air to maintain IAQ to satisfactory level is justified through this
analysis. However, the actual Cz profile on both days indicates that the supply of excess air
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can be reduced by certain percentage without exceeding Cz value the threshold limit which is
800ppm. To determine the exact amount of excess air that could be saved and how that could
influence AHU and heating/cooling energy consumption, further detailed analysis is required
which has been discussed in Section 5.2.6, Section 5.2.7 and Section 5.4.
Figure 16(a) shows that the curve for Zone 1 indoor air CO2 concentration calculated as per
ASHRAE Standard 62.1 is steeper reaching approximately 1500 ppm at around11:00am than
the other calculated curve derived using equation 9 from calculated minimum ventilation rate
as per Australian Standard AS 1668.2. This is because after reaching certain occupancy level
as detailed in Section 5.1.3, Australian Standard AS 1668.2 prescribed minimum ventilation
rate becomes higher than that of ASHRAE Standard 62.1. For the same outdoor air CO2
concentration higher minimum ventilation rate implies lower indoor air CO2 concentration as
per Equation 9. To obtain deep insight into occupancy level and minimum ventilation rate
further analysis is required which has been performed in Section 5.2.6.
In Figure 16(b) it shows that the curves for calculated Cz values derived from Equation 9 using
dynamic values of minimum ventilation rate as per specified standards reaches approximately
same highest limit although the trend of both curves are different. This is because of procedural
difference between these two standards. Therefore, from this Figure it implies that at certain
occupancy level, the prescribed minimum ventilation rate becomes equal for both standards
indicating approximately same level of indoor CO2 concentration due to proportional
relationship. This certain occupancy level is determined in Section 5.1.3. through a rigorous
analysis.
In Figure 16(c) the curve for calculated Cz values as per Australian Standard AS 1668.2 reaches
higher level than the curve for calculated Cz values generated as per ASHRAE Standard. This
is because at certain occupancy level and lower than that, the ASHRAE 62.1 prescribed
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minimum ventilation rate is higher than that of AS 1668.2 resulting in lower level of indoor
CO2 concentration. This particular level of occupancy is defined in Section 5.1.3.
Likewise, as shown in Figure 16(d) at certain occupancy level the curve for calculated Cz values
as per ASHRAE 62.1 reaches highest peak exceeding the curve for calculated Cz values as per
Australian Standard AS 1668.2. On the other hand, Figure 16(e) indicates lower level of indoor
CO2 concentration for ASHRAE 62.1 demonstrating higher amount of minimum ventilation
rate at certain occupancy level. Figure 16(f) illustrates that for level 4 on weekend the curve
for calculated Cz values as per ASHRAE 62.1 coincides with the curve for calculated Cz values
as per AS 1668.2. This is because on weekend Level 4 remains closed. Therefore, as per
equation 9 indoor and outdoor CO2 concentration should be identical. However, the actual Cz
curve deviates by small percentage from the calculated Cz curve. This is quite justified as
outdoor air does not freely circulate inside on unoccupied hours.
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Figure 16: Indoor CO2 concentration – Actual value vs. Calculated value (a) On 12.06.18 – Zone 1, (b) On 12.06.18 – Zone 2, (c) On 12.06.18 – Zone 3, (d)
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5.2.6. Effect of CO2 on outdoor air intake
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Figure 17: Effect of CO2 concentration on outdoor air intake
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Figure 18: Outdoor air intake on a certain day in terms of actual and calculated values

The outdoor air intake rate is controlled by outside air damper. From Figure 17 it can be
revealed that outside air damper overrides the adjustment required for maintaining minimum
ventilation rate when indoor air CO2 concentration reaches 600ppm. At that situation damper
opening percentage increases proportionally with the increase in CO2 concentration from
600ppm allowing excess outdoor air to come inside the building. This Figure portrays that
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between 12:00 am to 12:45 am indoor air CO2 concentration in zone 1 dropped by around 50
ppm reaching 600 ppm on 12:45 am. This downward trend of CO2 concentration affects the
outdoor air rate to reduce accordingly. As shown in Figure 17 between 12:45am to 9:00 am
CO2 concentration for each zone was well below 600 ppm permitting the outdoor air intake to
maintain the minimum ventilation rate. However, from Figure 18 it can be demonstrated that
between 12:45 am to 7:30 am the actual outdoor air intake was approximately 200 to 900 L/s
higher than as required according to AS 1668.2. Conversely, Figure 16a illustrates that after
around 5:30 am maintaining the minimum ventilation rate will cause the indoor air CO2
concentration in zone 1 to exceed 600 ppm. Therefore, from 12:45am till 5:30 am the outdoor
air intake could be reduced to minimum ventilation rate without exceeding the limit for CO2
which is 600 ppm. Between 5:30am to 7:30 am it is justified to maintain the observed outdoor
air intake as portrayed in Figure 18. After 7:30 am till 8:45 am actual outdoor air intake was
lower than minimum required ventilation rate according to AS Standard 1668.2. This is because
minimum required ventilation rate was calculated based on occupancy time schedule and gate
count data whereas actual outdoor air intake was maintained via modulating the outdoor air
damper based on the level of CO2 concentration. This establishes better DCV provided by CO2
sensor data compared with DCV based on occupancy time schedule.
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5.2.7. Relation between outdoor air intake and AHU Energy consumption
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Figure 19: Observed total outdoor air intake and AHU Energy consumption over a 24hr period

Figure 19 presents the relationship between outdoor air intake and AHU Energy consumption
over a 24hr period for the date of 12.06.18. As shown in this Figure, AHU Energy consumption
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varies with the changes in outdoor air intake and it roughly follows the trend of outdoor air
intake flow rate. This Figure demonstrates that AHU energy consumption largely depends on
outdoor air intake. Other aspects that influence AHU energy consumption are AHU operating
strategy, outside air temperature, indoor supply air temperature set-point, supply air duct static
pressure and its set-point.
To determine how much energy could be saved by following defined trend line for outdoor air
intake as explored in Section 5.2.6, it is necessary to develop a model for AHU energy
consumption. The associated model development results are outlined in the subsequent
subsection.
5.3. Development of model for AHU energy consumption
As stated in Section 4.3 the input parameters of this model are selected by using a sequential
feature selection method. Four input parameters (outdoor air intake, supply air duct static
pressure set-point, outside air temperature and perimeter/center supply air temperature setpoint) have been identified through this procedure for developing the model. Total eight
features have been selected for two AHUs in the study building.
To study the influence of various training algorithms on regression model performance 19
different training algorithms: Regression trees - Complex tree, Medium tree and simple tree;
Ensemble - Boosted Trees and Bagged Trees; Linear Regression - Linear, Robust Linear,
Interactions Linear and Stepwise Linear; Support vector machines (SVMs) - Fine Gaussian
SVM, Medium Gaussian SVM, Coarse Gaussian SVM, Quadratic SVM, Cubic SVM, Linear
SVM; Gaussian Process Regression (GPR) - Exponential GPR, Rational Quadratic GPR,
Squared Exponential GPR, Matern 5/2 GPR are used. And models’ performances are compared
in terms of performance comparison metrics: RMSE, MAE and R-Squared and iteration time.
Out of 19 training algorithms 5 top performing algorithms in terms of model performance are
listed in Table 3.
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Table 3: Performance of regression models in terms of performance comparison matrices and training
time

Model Type

Support Vector
Machines

RMSE

Medium Gaussian

RSquared

Training
MAE

time
(sec)

0.04

0.96

0.03

0.23

Quadratic SVM

0.04

0.95

0.03

0.49

Exponential GPR

0.03

0.97

0.02

0.77

0.04

0.97

0.02

0.71

0.03

0.97

0.02

0.81

SVM

Gaussian Process

Squared

Regression

Exponential GPR
Matern 5/2 GPR

Table 3 demonstrates that Exponential GPR provides the best performance in terms of
performance comparison metrics: RMSE, MAE and R-Squared and iteration time with the
values 0.03, 0.97, 0.02 and 0.77s respectively followed by Matern 5/2 GPR with the values
RMSE - 0.03, MAE - 0.97, R-Squared - 0.02 and iteration time - 0.77s. Hence, Exponential
GRP has been selected to develop the model. To test the prediction performance, the validated
model has been used to predict AHU energy consumption for that particular day as indicated
in Section 5.2.7. Figure 20 shows a comparison between predicted and observed values
demonstrating close correlation between them. As per test performance RMSE is found to be
0.038.

255

Figure 20: Predicted vs. observed values for AHU energy consumption

5.4. Identification of possible positive outcome
As demonstrated in Section 5.2.6 on the particular day from 12:45am to 5:30 am the outdoor
air intake could be reduced to minimum ventilation rate without compromising the acceptable
level of indoor CO2 concentration. To identify possible minimization of electrical energy from
studied AHUs for reduced amount of outdoor air intake, the developed model has been used to
predict its values which has been optimized afterwards using genetic algorithm. The control
variables for this optimization problem are supply air duct static pressure set-point and
perimeter/center supply air temperature set-point. For the two AHUs East side and West side,
supply air duct static pressure set-point is varied within a limit of 70-180kPa and 150-300 kPa
respectively while the perimeter and center supply air temperature set-points are varied
between 21.5-240C. These ranges are fixed based on current BMS setting of the study building.
Figure 21 shows the proposed values for AHU electrical energy consumption against the
observed values demonstrating that up to 4.5kWh electrical energy could be saved which is
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equivalent to 18.5% of total energy on a particular time. Also, this Figure illustrates that about
32.54 kWh electrical energy could be saved in 24 hours.

AHU Electrical Energy
Consumption (kWh)

27
Proposed

Observed

24
21
18
15
12:43 AM

1:55 AM

3:07 AM

4:19 AM

5:31 AM

Figure 21: AHU electrical energy consumption after optimization
Minimization of outdoor air intake means minimization of required outdoor air heating energy
given that supply air temperature set-point is unchanged. Therefore, maintaining minimum
ventilation rate from 12:45 am to 5:30 pm on the specified day could result in reduced amount
of outdoor air heating energy requirement to rise the temperature of fresh air to thermostatic
set-point. Figure 22 shows that following minimum ventilation rate during that period could

Outdoor air heating energy
requirement (kW)

save around 5.6 ± 1 kW heating energy requirement.
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Figure 22: Outdoor air heating energy requirement
6.

Conclusion

An efficient ventilation system is important for maintaining an optimum amount of energy
consumption and a healthy indoor environmental condition. A true demand-based ventilation
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system quantifying the demand in terms of heating or cooling requirement as well as
maintaining IAQ to the satisfactory level not only takes part in a healthy indoor environment
but also can offer reduced amounts of energy consumption. This study provides true insight
into the performance of a typical variable-air-volume air handling unit system under different
operating conditions through a vigorous case study analysis in a real commercial building. To
predict and monitor the indoor air CO2 concentration for the stated real time scenarios this
study uses the mass balance Equation for CO2 concentration prescribed by ASHRAE Standard
62.1 2016. To accomplish this task this study calculates the dynamic ventilation rate for the
specified real time occupancy scenarios using both approaches (ASHRAE 62.1 and AS 1668.2)
and performs a comparative analysis between these two approaches. Based on comparative
analysis this study comes to certain conclusions as briefed below:
•

For high occupancy level indicating 14 occupants per 100 m2 AS 1668.2 specified
minimum ventilation rate is higher than that of ASHARE 62.1.

•

Both standards suggest the same minimum ventilation rate when occupant density is
around 10 per 100 m2.

•

For medium occupancy level indicating 7 occupants per 100 m2 AS 1668.2 prescribed
minimum ventilation rate is lower than that of ASHARE 62.1.

•

For low occupancy level suggesting 4 occupants per 100 m2 or lower than that AS 1668.2
suggests for maintaining area based minimum ventilation rate.

This study confirms that modulating the ventilation rate based on CO2 sensor data provides
better control over IAQ compared with an occupancy time schedule. Also, for predicting or
monitoring the indoor environmental conditions in terms of CO2 and VOC concentrations, the
importance of investigating the outdoor environmental conditions is demonstrated through this
study.
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In addition, the necessity of implementing mass balance Equation prescribed by ASHRAE
Standard 62.1 2016 for predicting the outdoor air ventilation rate for a desired CO2
concentration level has been revealed through this study. In the current ventilation system of
case building, the time series CO2 sensor data is monitored and recorded. However, outside air
damper receives the signal of overriding the adjustment required for maintaining minimum
ventilation rate only when indoor air CO2 concentration reaches 600 ppm. Afterwards, the
damper opening percentage increases proportionally with the increase in CO2 concentration.
As a result, this current control system starts on providing excess air when the concentration
level reaches 600ppm enabling instant control over CO2 concentration level. This study
proposes integrating the CO2 mass balance equation with CO2 sensor data. This approach
enables providing better control over outdoor ventilation rate by executing the decision of
damper modulation based on feedback signal from CO2 mass balance equation and immediate
condition of its concentration level. As for instance this study shows that there is an opportunity
to adjust the minimum ventilation rate by substituting the occupancy time schedule data by the
real occupancy data retrieved from CO2 mass balance equation. Results show that
implementing this proposed approach can save up to 18.5% electrical energy from air handling
units without compromising indoor air quality. This energy savings can vary depending on
seasonal variations, system types and conditions, building type and locations, and current
control strategies. As future work, this study can be extended by using the same approach to
another season’s data and that result can be compared with present result.
This study also reveals that indoor VOC concentration largely follows the trend of CO2
concentration despite the fact that concentration levels are not same. This investigation
demonstrates occupants’ direct or indirect involvement to the varying concentration level of
CO2 or VOC. However, further studies are required to explore the influence of occupancy level
on VOC concentrations.
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It can be concluded from this study that this proposed approach of integrating the CO2 mass
balance equation with CO2 sensor data not only reduces energy consumption but also takes part
in a healthy indoor environment. Further the presented comparative analysis between those two
stated standards in terms of IAQ and energy consumption reflects a true insight into the actual
operating condition of a multi-zone DCV system where either of these two standards is strictly
followed. Realizing the importance of maintaining a healthy indoor environment this study
suggests for including the mass balance Equation for CO2 concentration into Australian
ventilation standard AS 1668.2. It is expected that this study will be particularly beneficial to
building regulatory applications, energy management personnel and researchers in this area.
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Appendix A
AS Standard 1668.2:
Multi-zone ventilation - Calculation procedure for multiple enclosures (Central air
cleaning-particulate filtration only)
For particulate filtration only, minimum introduced outside air=7.5 L/s.person
For the particular occupancy category, the outdoor air per person required to be introduced into
an enclosure in accordance with Table A1 in AS 1668.2, 𝑞𝑓 = 10𝐿/𝑠. 𝑝𝑒𝑟𝑠𝑜𝑛
Step 1 - Calculate minimum effective outdoor airflow (𝑞𝑚𝑖𝑛 ) for each enclosure using Eq. (1)
𝑞𝑚𝑖𝑛 = 𝑛 × 𝑞𝑓

(1)

Where, n = The occupancy for the enclosure served, as defined in Clause 2.2.2 of AS 1668.2;
q f = Outdoor air per person required to be introduced into an enclosure in accordance with
Table A1 of AS 1668.2, in litres per second per person
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Step 2 – Calculate the ratio, r for each enclosure using Eq. (2)
𝑟 = 𝑞𝑚𝑖𝑛 /𝑞𝑠

(2)

where, 𝑞𝑚𝑖𝑛 = Required effective outdoor airflow for each enclosure, in litres per second;
𝑞𝑠 = Supply air for each enclosure, in litres per second
Step 3: Determine the highest ratio of 𝑟 = 𝑟𝑐′
Step 4: Calculate the actual volume of effective outdoor air, 𝑄𝑒𝑓𝑓 in the system supply air using
Eq. (3)
𝑄𝑒𝑓𝑓 = 𝑟𝑐′ × 𝑄𝑠

(3)

Where, 𝑄𝑠 = 𝑇ℎ𝑒 𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑠𝑢𝑝𝑝𝑙𝑦 𝑎𝑖𝑟 to all enclosures, in litres per second
Step 5: Calculate the ratio, R using Eq. (4)
𝑅 = ∑(𝑞𝑟 )/𝑄𝑠 = 𝑁 × 7.5/𝑄𝑠

(4)

Where, N = The occupancy, for all enclosures served, as defined in Clause 2.2.2 of AS
1668.2;∑(𝑞𝑟 ) =

The flow rate at which return air to be used as recycle air drawn from all enclosures, in litres per secon
Step 6: Calculate the multiple enclosure factor, M using Eq. (5)
𝑀 = 1/(1 + 𝑅 − 𝑟𝑐′ )

(5)

Step 7: Calculate the system’s minimum introduced outdoor air rate, 𝑄𝑓 using Eq. (6) ensuring
that rates are not reduced below 7.5L/s.person when air-cleaning devices for particulate only
are used
𝑄𝑓 = 𝑁 × 7.5 𝐿/𝑠 × 𝑀

(6)

Step 8: Calculate the residual effective outdoor air, 𝑞𝑟𝑒𝑠 from each enclosure that are recycled
using Eq. (7)
𝑞𝑟𝑒𝑠 = (𝑞𝑒𝑓𝑓 − 𝑞𝑚𝑖𝑛) × 𝑞𝑟 /𝑞𝑠

(7)

Where, 𝑞𝑒𝑓𝑓 =
The actual volume of effective outdoor air supplied to each enclosure, in litres per secon
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Step 9: Calculate the central air cleaner efficiency, 𝑒𝑐 required to achieve 𝑄𝑒𝑓𝑓 as calculated in
Step 4 using Equation (8)
𝑒𝑐 = [𝑄𝑒𝑓𝑓 − 𝑄𝑓 − ∑(𝑞𝑟𝑒𝑠 )]/[𝑄𝑠 − 𝑄𝑓 − ∑(𝑞𝑟𝑒𝑠 )]

(8)

A detailed calculation to determine the system’s minimum introduced outdoor air rate, 𝑄𝑓 and
the efficiency of central air cleaner efficiency, 𝑒𝑐 for the design occupancy in the study
building.
Table A1: Minimum effective outdoor airflow (𝑞𝑚𝑖𝑛 )for each enclosure
Enclosure

𝑞𝑠 (L/s)

n

𝑞𝑓 (L/s.person)

𝑞𝑚𝑖𝑛 (L/s)

r(calculated using

(calculated

Eq. 13)

using Eq. 12)
1

300

10136.50

10

3000

0.296

2

180

10076

10

1800

0.179

3

57

10579

10

570

0.054

∑(𝑞𝑚𝑖𝑛 )

𝐻𝑖𝑔ℎ𝑒𝑠𝑡 𝑟𝑎𝑡𝑖𝑜, 𝑟𝑐′

N=537

𝑄𝑠
= 30791.50

= 5370

= 0.296

𝑄𝑒𝑓𝑓 = 9113.06 𝐿/𝑠 (calculated using Eq. 3)
𝑅 = 0.13 (calculated using Eq. 4)
𝑀 = 1/(1 + 𝑅 − 𝑟𝑐′ ) = 1.20 (calculated using Eq. 5)
𝑄𝑓 = 𝑁 × 7.5 𝐿/𝑠 × 𝑀 = 4824.28𝐿/𝑠 (approximately 8.98 L/s.person which is greater than
7.5 L/s.person) (using Eq. 6)
Therefore, the system’s minimum introduced outdoor air rate complies with minimum
requirement when air-cleaning devices for particulate only are used which is 𝑄𝑓 >
7.5 𝐿/𝑠. 𝑝𝑒𝑟𝑠𝑜𝑛.
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Table A2: Residual effective outdoor air, 𝑞𝑟𝑒𝑠 from each enclosure
Enclosur

𝑞𝑠 (L/s)

e

𝑞𝑓

𝑞𝑚𝑖𝑛

(L/s.person

(L/s)

r

𝑞𝑒𝑓𝑓 (L/s)

(calculated
using Eq. 7)

)
1

10136.5

10

𝑞𝑟𝑒𝑠 (L/s)

300
0.296

0
2

10076

0
10

3000

0

2982.09

996.89

3130.96

2159.72

180
0.179
0

3

10579

10

570

0.054

𝐻𝑖𝑔ℎ𝑒𝑠𝑡 𝑟𝑎𝑡𝑖𝑜, 𝑟𝑐′ ∑ 𝒒
𝒆𝒇𝒇
= 0.296

∑ 𝒒𝒓𝒆𝒔

= 𝟗𝟏𝟏𝟑. 𝟎𝟔 = 𝟑𝟏𝟓𝟔. 𝟔𝟏

𝑒𝑐 = 0.049 (4.96%) (calculated using Eq. 8)
Based on Table D1 in AIRAH 1668.2, a filter of nominal 20% efficiency would more than
satisfy this 4.96% efficiency requirement.
Appendix B
Characteristics of Regression models:
Regression Tree:
These models are easy to interpret, fast for fitting and prediction and low on memory usage.
However, they often tend to overfit.
Ensemble of Tree:
These models combine results from many weak learners into one high-quality ensemble model.
Linear Regression:
These models have predictors that are linear in the model parameters, are easy to interpret, and
are fast for making predictions. On the other hand, they often have low predictive accuracy.
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Support Vector Machine (SVM):
Linear SVMs are easy to interpret but can have low predictive accuracy while nonlinear SVMs
are more difficult to interpret but can be more accurate.
Gaussian Process Regression (GPR):
GPR models are often highly accurate but can be difficult to interpret.
Appendix C
Contextual approach of Australian Standard AS 1668.2 2016:
Systems serving enclosures with variable or transient occupancy
According to AS 1668.2 when contaminants are generated independent of occupants or their
activities and the contaminants do not present a short-term health hazard, then following
conditions are applicable:
•

Air-handling systems may be shut off during unoccupied periods.

•

The periods of post-purging and pre-purging are required by mechanical means after
departure of occupants and before entry of occupants respectively to clear accumulation
of pollutants generated by furnishings, other materials, and the like, within the space.

•

Maintain the lag time/lead time according to occupancy level and adjust that with
changing occupancy in accordance with AS 1668.2.

A system with variable air volume
A system with variable air volume reduces the amount of effective outdoor airflow via the
supply air systems. However, these systems require further assessment of introduced outdoor
airflow rates filtration and the provisions for lead/lag time in accordance with Fig. 2.3 (Lag
time) or Fig. 2.4 (Lead time) in AS 1668.2 [31].
Demand control ventilation (DCV)
According to this standard during periods where occupancy is less than the design value (n),
DCV can be used to reduce the amount of introduced outdoor airflow in proportion to the actual
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enclosure population. However, this adjustment of introduced outdoor airflow should not be
lower than the minimum area-based outdoor air ventilation rate of 0.35 L/s/m2. To implement
this control strategy, it is required to use population indicators e.g. an occupancy schedule
based on a known pattern of occupancy or various sensor applications. Various sensor-based
population indicators include CO2 (as a proxy for occupation), mixed gas detection, occupancy
sensors, and occupancy schedules.
The case building, having multiple enclosure systems, is provided with individual population
indicators for each enclosure. To detect transient occupancy level in this building, the
integrated BMS follows the pre-programmed occupancy time schedules as well as using real
time CO2 concentrations from associated sensors. This study will make a comparison between
these two adopted population indicators in terms of accurate representation of the actual
population.
CO2 sensor-based demand control ventilation:
When CO2 sensors are used as a population indicator, these sensors control the outdoor air
intake flow rate to maintain a predetermined set-point or equilibrium level. According to AS
1668.2 [31] typical set-points for CO2 sensors are 600-800 ppm and should be determined
based on the ambient CO2 levels of the site and the enclosure characteristics.
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Summary and Link to the Next Chapter
Chapter 5 provides true insight into the performance of a typical variable-air-volume air
handling unit system under different operating conditions through a rigorous case study
analysis in a real commercial building. To highlight pragmatic solutions to existing complexity
within demand control ventilation strategies of the case building, real-time dynamic scenarios
are set up and those scenarios are investigated in the context of indoor environment where both
CO2 and VOC concentrations are linked. From this Chapter it is confirmed that modulating the
ventilation rate based on CO2 sensor data provides better control over IAQ compared with an
occupancy time schedule. To predict and monitor the indoor air CO2 concentration for the
stated real time scenarios this study uses the mass balance Equation for CO2 concentration.
It is demonstrated by this study that integrating the CO2 mass balance equation along with CO2
sensor data into the building management control system not only assists in reducing energy
consumption but also takes part in a healthy indoor environment. This approach enables better
control over the outdoor ventilation rate by executing the decision of damper modulation based
on the feedback signal from the CO2 mass balance equation in combination with the real-time
concentration level. Realizing the importance of maintaining a healthy indoor environment this
study suggests for including the mass balance Equation for CO2 concentration into Australian
ventilation standard AS 1668.2.
Results show that implementing this proposed approach can save up to 18.5% electrical energy
from air handling units without compromising indoor air quality which may vary depending
on seasonal variations, system types and conditions, building type and locations, and current
control strategies. It is also revealed from this study that indoor VOC concentration largely
follows the trend of CO2 concentration despite the fact that concentration levels are not same.
This investigation demonstrates occupants’ direct or indirect involvement to the varying
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concentration level of CO2 or VOC. However, further studies are required to explore the
influence of occupancy level on VOC concentrations.
Based on findings from Chapter 5, CO2 and VOC have been identified as two crucial indoor
environmental parameters that need to be closely monitored and controlled while optimizing
the energy consumption of the study building. This refers to 5th and final objective of this
research. In the following Chapter indoor environmental parameters are defined and HVAC
energy consumption has been optimized through closely monitoring and controlling the indoor
environmental parameters in accordance with relevant standards.
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Abstract. Indoor environmental parameters especially the air temperature have substantial
effect on energy consumption in commercial buildings and indoor thermal comfort. This study
presents a tuning approach of dynamic control strategy of temperature set-point with a view to
improving occupants’ thermal comfort while simultaneously minimizing energy consumption.
To determine optimum temperature set-points in response to ambient conditions, this study
investigates the thermal comfort conditions of a commercial building based on real time series
data. To quantify thermal environmental conditions for human occupancy, this study uses the
graphical comfort zone method proposed by ASHRAE Standard 55-2017 through a rigorous
analysis. Based on this analysis the study narrows down the comfort range in the context of
seasonal variations and proposes tuning the Master Temperature Set-Points (MTSP) with 4.80C
variable linear band between upper and lower temperatures dependent on a simple algorithm.
This re-setting strategy of temperature set-point ultimately offers extended lower and upper
boundary limit for variable linear band. Extension of linear band for MTSP reduces the gap
between temperature set-point and outdoor temperature which ultimately offers less heating
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and cooling energy consumption. Results show that implementation of this proposed approach
would lead to monthly 2707.94 kWh energy savings either from heating or cooling or both
during winter and summer season.
Keywords. Tuning approach; Temperature set-point; Energy consumption; Thermal comfort.
1. Introduction
Building sectors account for about 33% of the total primary energy resources around the world
[2, 3] and 30% of worldwide CO2 concentrations [3]. Energy used by the building sector is
rising over the years due to the wider application of HVAC systems in response to the growing
demand for better thermal comfort within the built environment. Therefore, improvement in
HVAC energy efficiency is necessary from the perspective of energy savings. Energy
consumed by the HVAC system is considerably influenced by the seasonal variations and daily
weather conditions. In this regard, building indoor temperature set-point which can be adjusted
according to outdoor temperature, plays an important role. An optimal adjustment of
temperature set-point can reduce the heating or cooling energy consumption by narrowing
down the difference between building indoor and outdoor temperatures. In addition, it is
important to maintain an optimum dynamic temperature set-point in response to ambient
conditions to ensure satisfactory indoor thermal conditions for the building occupants.
While a good number of studies concentrated on optimal adjustment of heating or cooling
temperature set-point, in a majority of studies energy savings have been prioritized over
occupant thermal comfort. Aghniaey and Lawrence [4] reported that the literature concerning
the impact of increased cooling set-point temperature on occupant thermal comfort during
demand response (DR) events are mostly on the energy saving potential. Luzi, et al. [5]
proposed a tuning methodology of model predictive control design aiming at identifying the
best parameter set in terms of energy savings and temperature deviation from the chosen setpoint. According to their simulation based analysis, the proposed approach can save from 0.9%
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to 5.2% energy consumption. Roussac, et al. [6] reported that by rising 1°C in the summer setpoint temperature (SST) and dropping 1°C in the winter set-point temperature (WST), around
6% electricity consumption can be reduced from the HVAC system in Australian office
buildings.
Further, some studies e.g. [7, 8] concentrated on adaptive models with wider ranges of comfort
zones with a view to reducing energy consumption. To achieve the acceptability of these
adaptive models, wide-ranging techniques/strategies i.e. general adaptability, operable
windows, elevated air movement, personal controls etc. have been implemented. However,
implementing these strategies incurs capital investment which has hardly been addressed by
past studies. Hoyt, et al. [7] suggested extending air temperature set-point based on simulated
results of energy savings. Even though that study used ASFRAE Standard 55 [1] as the
reference adaptive model, the study lacks the analysis of occupants’ conditions. Also,
Ghahramani, et al. [8] recommended widening the variable linear band for indoor temperature
set-point to reduce the heating energy consumption in their studies. However, this study was
based on a simulated building model which does not represent actual occupancy profiles and
load conditions. Furthermore, the simulated models were exempt from time related and comfort
related constraints.
Therefore, it is necessary to concentrate on real buildings to study the techniques of learning
optimal set-points. Studying optimal temperature set-points in a real building can offset the
problem of assuming uniform control parameters for all zones within a building. Also, while
performing optimal adjustment of temperature set-point, it is important to balance between
occupant thermal comfort and energy savings. To ensure occupants’ thermal comfort, it is
crucial to follow a systematic procedure to quantify thermal environmental conditions for the
occupants in the context of seasonal variations.
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In view of this context, this study concentrates on investigating the indoor thermal comfort
conditions of a real commercial building for the purpose of improving occupants’ thermal
comfort level while simultaneously optimizing heating and cooling energy consumption.
2. Case Study
As specified in an earlier study [9] of the authors, a library building where the occupancy
pattern is not predefined has been chosen for this study and also, there is no fixed occupied
hour for the occupants. Due to occupants’ dissimilar time schedule, the entrance and exit gates
remain open frequently causing considerable heat loss or heat gain within the indoor
environment during the winter or summer period. This heat effect may not be uniform
throughout the building. Hence, it is essential to survey the indoor environment for different
zones.
The selected building is a multi-storey 5873 m2 Gross Floor Area, 3853 m2 Useable Floor Area
building comprising four levels. The latitude and longitude of this building are 32.0675°S and
115.8351°E respectively and is located in a semi-arid region. During the occupied hours,
occupancy level varies considerably in Level 2 and 3. Level 4 featuring office activities
maintains almost fixed occupancy level throughout the day. Detailed information about this
building configuration, opening hour in each level and operating strategies of associated HVAC
systems were presented in an earlier study [9] of the authors.
As indicated in an earlier study [9] of the authors, level 2 is affected by heat loss or heat gain
more than any other levels as this level maintains a 24/7 opening hour. Because of this variable
occupancy pattern throughout the day, this study only concentrates on Level 2 of the study
building for data analysis. This Level is bounded on three sides by basement walls with the
remaining facade being approximately 50% cavity wall and 50% metal framed glazing [10].
This level is equipped with twenty-one variable air volume (VAV) boxes – 12 VAV boxes are
controlled by west side air handling unit (AHU) and the rest 9 VAV boxes are controlled by
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east side AHU. The present study reflects the indoor thermal conditions of 12 zones
corresponding to 12 individual VAV boxes controlled by the west side AHU.
3. Methodology
This study concentrates on quantifying potential energy savings by performing optimal
adjustment of temperature set-point. To determine optimum temperature set-points in response

Figure 1. A step by step methodological approach

to ambient conditions, this study investigates the thermal comfort conditions of a real
commercial building based on real time series data retrieved from the Murdoch University
Building Management System (BMS) [11] and Weather Station [12]. The existing strategy of
adjusting the temperature set-points within the prescribed linear band and its relationship with
ambient conditions is studied to suggest possible tuning potential in the context of energy
saving and improved thermal comfort conditions for the occupants. To quantify thermal
environmental conditions for human occupancy, this study uses the graphical comfort zone
method proposed by ASHRAE Standard 55-2017 through a rigorous analysis. Based on this
analysis this study narrows down the comfort range providing optimized heating energy
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consumption and improving occupants’ thermal comfort level. A step by step methodological
approach is portrayed in Figure 1.
4. Results and Discussion
To inspect the study building’s indoor environmental conditions for individual zone, two
individual months’ (June 2017 and February 2019) indoor and outdoor corresponding data are
analysed. The month of June represents winter season and coldest time of the year as per
Nyoongar seasonal calendar of Australia while February represents summer season and hottest
month of the year of Australia [13]. In an earlier study of the authors [10], the study building’s
indoor environmental conditions for individual zone are analysed for winter season. To validate
that analysis results this study conducts the survey for summer season. Afterwards a
comparative analysis has been performed in terms of energy savings. As an example, this study
presents one-day data (9:00 AM 7 Feb. – 9:00 AM 8 Feb. 2019) analysis result for summer
season.
As specified in an earlier study of the authors [10], the stated University BMS maintains a
Master Temperature Set-Point (MTSP) with 20C variable linear band between upper and lower
temperatures based on a simple algorithm. This MTSP is selectively used to vary the set point
of certain spaces in relation to the outside air temperature (OA-T). The following algorithm is
used to control the MTSP.
For OA-T<= 180C MTSP = 22.50C; For OA-T>= 320C MTSP = 24.50C
For 180C<OA-T<320C, MTSP linearly scales between 22.5 - 24.50C. Therefore, 22.50C and
24.50C imply respectively winter set-point temperature (WST) and summer set-point
temperature (SST). When OA-T<= 180C the authors proposed lowering the WST to 21.90C in
the earlier study [10].
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Figure 3 compares the ranges of indoor temperatures for individual zones and associated
common MTSP for all zones over 24 hr period. The ranges are determined for individual zones
based on fluctuations of indoor temperature and MTSP throughout the day. This Figure clearly
depicts that the fluctuating patterns of indoor temperatures are different for individual zones
despite a common MTSP is maintained within all zones.
This can happen due to outside weather variations, occupancy level and thermal coupling with
the adjacent spaces.
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presented (Figure 3)

fluctuated over 24 hours

ranges of indoor temperatures are compared against ASHRAE Standard 55-2017. According
to ASHRAE Standard 55-2017 indoor temperature should be within 67.3-82.76 °F(approx.
19.60 -28.20C) to satisfy thermal environmental conditions for human occupancy [1]. This
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Figure illustrates that all ranges of indoor temperatures fall within the bounded area of comfort
zone.
Similar to an earlier study of
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consumption. The changes in relative humidity on the specified day are presented in Figure 4.
This Figure demonstrates that during that one-day period relative humidity changed by around
±5% from 45%.
According to ASHRAE Standard 55-2017 [1] there are three methods for determining
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Figure 5. Graphic Comfort Zone Method: Acceptable range of
operative temperature that meet the specified criteria [1]
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ratio or dew point temperature with respect to occupants’ building category and seasonal
changes. Based on study building’s general library activities, it can be assumed that occupants’
activities are limited to reading, seated; writing; typing or filing, seated for which metabolic
rate is within 1.3 met. Since the studied data symbolizes summer season, therefore, it can be
assumed that occupants’ common clothing is short-sleeved shirt and trousers for which clothing
insulation Icl is 0.5 clo. It is also assumed that on the specified day average air speed (𝑉𝑎 ) was
≤ 0.2 m/s (40 fpm) since no elevated air speed was applied. To examine the dew point
temperature, tdp on the stated day, it is charted in Figure 4. This Figure shows that tdp was
≤16.8°C which is the first requirement of using graphical comfort zone method. Also, other
requirements of graphical comfort zone method such as metabolic rates for occupants between
1.0 and 1.3 met, clothing insulation Icl between 0.5 and 1.0 clo and average air speed (𝑉𝑎 ) ≤ 0.2
m/s are satisfied to use this method in the present study.
Figure 5 presents the acceptable range of operative temperatures as per graphical comfort zone
method. In the Figure comfort zone has been portrayed as two separate bounded areas featuring
Summer and Winter comfort zones of the ASHRAE Standard 55 for 0.5 (a short-sleeved shirt
and trousers) and 1.0 (a winter business suit) clothing levels respectively. This study only
considers summer comfort zone since the analyzed data characterizes Summer season. Relative
humidity has been considered 45% (Figure 5) during the specified day as there is minor changes
in operative temperature due to ±5% changes in relative humidity. Therefore, considering
45%RH and 0.5 clo, the acceptable range of operative temperature is found to be 24-270C
which has been outlined in Figure 5.
In an earlier study of the Authors [10], it was demonstrated that for the stated thermal
conditions indoor temperature is more or less equivalent to operative temperature. Therefore,
it can be considered that the accepted specific range of indoor temperature for the specified
thermal conditions is 24-270C.
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Figure 6 illustrates the accepted
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do not satisfy the acceptable thermal environmental conditions as per ASHRAE 55-2017. The
ranges of indoor temperatures for eight studied zones are below the accepted specific range of
indoor temperature. On the other hand, for rest of the four zones a certain portion of the studied
ranges of indoor temperatures fall within the bounded area of specific comfort zone. Also, the
observed varying MTSP do not satisfy the acceptable thermal environmental conditions.
Therefore, it is necessary to optimize the variable linear band of MTSP to improve occupants’
thermal comfort level.
Figure 6 indicates that the lowest limit for these studied indoor zone temperatures is
approximately 2.20C lower than the lowest boundary limit for the specific comfort zone.
Therefore, from the perspective of optimal MTSP, the SST can be increased by 2.2 0C which
may induce the changing temperatures of studied zones to fall within the comfort zone. Rising
the SST by 2.20C implies that for OA-T>= 320C, MTSP = 26.70C. Besides, according to Afroz,
et al. [10] WST should be lowered to 21.90C. Therefore, for 180C<OA-T<320C, MTSP should
be linearly scaled between 21.9 - 26.70C to satisfy the thermal comfort conditions.
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Figure 7. Comparison of actual and proposed MTSP with OA-T and associated heating/cooling load
(a) 1-2 June 2017, (b) 7-8 Feb. 20194

Figure 7(a) and 7(b) show the changing patterns of actual and proposed temperature set-point
with respect to outdoor temperature for two specified days representing winter and summer
season respectively. The proposed pattern of temperature set-point lowers the gap between
temperature set-point and outdoor temperature which ultimately brings down the heating or
cooling load. As shown in Figure 7 selecting optimal MTSP would lead to decrease in heating
and cooling load by 0.02-3.30 kW and 0.07-16.40 kW respectively. Therefore, on an average
monthly 2707.94 kWh energy could be saved either from heating or cooling or both during
winter and summer season.
5. Conclusion
Building indoor temperature set-point plays an important role in controlling the thermal
comfort conditions of a space as well as to regulate energy consumption intensity. This study
presents a dynamic control re-setting strategy of temperature set-point with a view to improving
occupants’ comfort level while simultaneously minimizing energy consumption. This study
investigates the thermal comfort conditions of a commercial building based on real time series
data to determine optimum changing temperature set-points in response to ambient conditions.

4

The negative value of cooling load indicates heating load.
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Based on thermal comfort studies, this study narrows down the comfort range in the context of
seasonal variations and proposes tuning the Master Temperature Set-Points (MTSP) with 4.80C
variable linear band between upper and lower temperatures. This re-setting strategy of
temperature set-point provides extended lower boundary limit for variable linear band.
Extension of linear band for MTSP reduces the gap between temperature set-point and outdoor
temperature which eventually provides less heating and cooling energy consumption. Results
show that implementation of this proposed approach would lead to 0.02-3.30 kW and 0.0716.40 kW decrease in heating and cooling load. Consequently, on an average monthly 2707.94
kWh energy could be saved either from heating or cooling or both during winter and summer
season. As a future work this study will be extended to investigate if the optimum set-points as
anticipated maintains zone temperatures within the thermal comfort zone.
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Abstract
The concept of maintaining indoor environmental conditions poses new challenges to the
optimal operation of HVAC systems. While existing case studies demonstrate the energy
saving potential of efficient HVAC operation, there is a lack of studies quantifying energy
savings from optimal operation of HVAC systems when considering indoor environmental
conditions. This study proposes a state-of-the-art modelling and optimization approach to
minimize electrical energy consumption of the HVAC systems without compromising indoor
environmental conditions. Whilst the primary objective of ensuring optimal operation of
HVAC systems is to minimize energy consumption, controlling the indoor environmental
parameters, e.g., temperature, humidity, the level of carbon dioxide (CO2), and volatile organic
compound (VOC) to remain within the acceptable range as per ASHRAE Standard 55-2017
impose excess energy use. These two conflicting objectives constitute a multi-variable
constrained optimization problem. To solve this problem indoor environmental condition of
the case building is modelled through developing individual predictive models for the
identified indoor environmental parameters integrating HVAC energy consumption model.
The proposed predictive models are then optimized using particle swarm algorithm (PSO) to
provide an optimal control setting for supply air temperature set-point and duct static pressure
set-point of the air handling unit resulting in energy savings. Results show that implementation
of the proposed optimization approach will not only contribute to energy savings but also will
improve the occupants’ indoor environment in terms of thermal comfort and IAQ.
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1. Introduction
Heating, Ventilation, and Air Conditioning (HVAC) systems are responsible for a substantial
share of the energy consumed in commercial buildings. Due to the broader application of
HVAC systems in response to the growing demand for better thermal comfort within the built
environment, energy used by the HVAC system has increased over the years. A report
presented by IPCC [1] shows that HVAC energy demand is expected to increase by 83% in
2050 from a 2010 reference baseline energy consumption. This figure points out the need for
improving HVAC energy efficiency from the perspective of energy savings. However, there
lies a conflict here as HVAC systems are largely responsible for providing an inviting and
productive environment for the occupants achieved by maintaining acceptable indoor thermal
comfort and air quality levels.
The challenge of maintaining indoor environment has become crucial now-a-days considering
occupants’ amount of time spent indoors which is 90% of their total time [2, 3]. In addition to
that the perception about indoor environmental conditions is also getting modernized. While in
past decades maintaining thermal comfort was the only goal set by the building energy
management personnel with optimal energy consumption of HVAC systems, the issue of
healthy IAQ is a recent accumulation to this optimization problem. To meet this growing
expectation of human being the area of HVAC control mechanism is expanding with time.
Controlling IAQ from the perspective of health impact poses new challenge to HVAC system
and impose excess energy use. In this regard, optimal control of HVAC system is extremely
needed that can balance between energy usage and indoor environmental conditions.
Different control methods can be used for controlling the building indoor environment. Of the
different control strategies the model predictive control (MPC) strategy has been found as an
effective way to deal with model uncertainties and disturbances [4]. This strategy is used to
design sequences of control inputs to optimize an objective function considering defined and
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forced constraints. The model predictive controller uses the model of the system, system inputs,
and disturbances (e.g. outdoor weather, occupancy, solar gain, etc.) to predict future states (e.g.
indoor temperature) which ultimately determines the most efficient control action [5, 6]. In
particular, for commercial buildings which comprise a network of large numbers of sensors
and VAV boxes, MPC shows its effectiveness in controlling the building indoor environment.
Despite this strategy not being new, its application in controlling a commercial buildings’
indoor environment is relatively recent. As reported by Mirakhorli and Dong [4] MPC could
be more applicable and popular in the real systems if its high computational cost could be
reduced to some extent. In this regard, the performance and complexity of the developed
predictive models hold prime importance. It is confirmed by Kim, et al. [7] that there is a need
to focus on optimum predictive models for indoor environmental parameters in terms of
complexity, prediction results and ease of application to a real system. Additionally, it is
necessary to develop a systematic approach to develop and evaluate the model for greater
benefits.
Numerous past studies focused on modelling and optimizing energy consumption from HVAC
systems including or excluding the thermal comfort and indoor air quality (IAQ) issues within
the building. In the following section an extensive contextual literature survey has been
presented.
1.1.

Related Work

A good number of past studies e.g., [8-13] concentrated on modelling and optimizing HVAC
energy consumption where in most cases thermal comfort implications are less prioritized.
Kusiak and Li [8] applied an evolutionary strategy algorithm to solve a bi-objective
optimization model that minimizes the cooling output while maintaining the corresponding
thermal properties. In another paper Kusiak and Xu [9] used multi-objective particle swarm
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optimization algorithm to minimize the energy consumed by a HVAC system while
maintaining indoor room temperature at an acceptable level. According to their test results their
proposed model can save up to 30% of energy. Aiming at establishing a trade-off between the
minimum daily cost of energy and thermal comfort Kampelis, et al. [10] investigated the
potential for operational optimization of a heating, ventilation, and air conditioning (HVAC)
system in a smart near-zero-energy industrial building by using a GA-based approach. Results
showed that there is a possibility of reducing energy consumption from 10.4-25% by
optimizing predicted mean vote (PMV). He, et al. [11] developed an optimization model for
minimizing the energy consumption while preserving the thermal comfort of an office space
using three computational intelligence algorithms. According to their finding simultaneous
minimization of energy and room temperature ramp rate is more advantageous than
minimization of energy only. A simulation-based multi-objective optimization framework was
proposed by Papadopoulos, et al. [12] based on a genetic algorithm on large “typical” office
building models in seven distinct US climate zones. Also, Ghahramani, et al. [13] presented a
simulation-based optimization approach to explore potential energy savings by adjusting
optimal temperature set-point for individual climate zones of USA. In spite of good number of
studies devoting their efforts in maintaining thermal comfort along with optimizing energy
consumption from HVAC systems in majority of cases only indoor temperature control has
been highlighted to maintain thermal comfort.
In contrast a very few studies took into account IAQ in addition to thermal comfort conditions
while optimizing energy consumption in HVAC systems. Yu, et al. [14] proposed a real-time
HVAC control algorithm based on the framework of Lyapunov optimization techniques (LOT)
to minimize the sum of HVAC energy cost and thermal discomfort cost without violating the
constraints of indoor temperature and IAQ. However, the constraint of indoor relative humidity
and its relationship with indoor temperature were overlooked in this study. Also, CO2 has been
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considered as the only indicator of IAQ. Likewise, in [15] the authors suggested an artificial
intelligence algorithm to maintain thermal comfort and air quality within optimal levels while
consuming the least amount of energy from air-conditioning units and ventilation fans. Similar
to [14] this study also considered CO2 level as the sole indicator of IAQ.
1.2.

Research limitations

From the aforementioned discussions it is evident that despite significant efforts and notable
contributions have been made in past studies in improving the performance of HVAC systems
through optimizing its energy consumption, limitations still exist which have been summarized
below:
•

Concentrating on energy conservation measures overlooking thermal comfort
implications,

•

Focusing on optimal HVAC operation strategies without exploring the influence of
seasonal variations on its performance,

•

Proposing multi-objective optimization techniques to provide a trade-off between
HVAC energy consumption and thermal comfort where in most cases IAQ has been
disregarded.

•

Suggesting optimal operation of HVAC systems without compromising indoor
temperature and CO2 level. In most cases, these studies have not considered the
changing accepted range of indoor temperature with changing relative humidity. Also,
indoor CO2 level has been considered as the only indicator of IAQ.

1.3.

Proposed work

Based on the identified associated research limitations presented in Section 1.2. this study
proposes a state-of-the-art modelling and optimization approach to minimize electrical energy
consumption of the HVAC systems without compromising indoor environmental conditions.
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In this regard, indoor environmental condition of the study building is modelled through
developing individual predictive models for the identified indoor environmental parameters
integrating HVAC energy consumption model. The proposed predictive models are then
optimized using particle swarm algorithm (PSO) to provide an optimal control setting for
supply air temperature set-point and duct static pressure set-point of the air handling unit
resulting in energy savings.
The influence of seasonal variations has been observed through analysing the trend for past
one-year data of indoor relative humidity and relating the humidity reading with acceptable
ranges of indoor temperature in the context of ASHRAE Standard 55 [16]. Also, during data
collection and data pre-processing seasonal variations are considered and separate model is
suggested for individual climatic periods. The inclusion of VOC level in addition to CO2 level
to examine IAQ from the perspective of healthy indoor environment added novelty to the
proposed modelling and optimization approach.
The rest of the paper is organized as follows: Section 2 presents the methodology for
developing individual predictive models for the identified indoor environmental parameters
integrating HVAC energy consumption model. The process of optimizing the predicted models
through resetting the controller set-points are also discussed in this Section. Subsequently,
prediction and optimization results are presented and discussed in Section 3. Lastly, Section 4
concludes with a description of the important findings and addresses possible future work.
2.

Modelling and Optimization Methodology

The modelling process starts with data collection and data division and ends with model
development. On the other hand, optimization process involves defining objective functions,
selecting design variables and constraints of the optimization problem. All steps are discussed
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in detail in the following subsections. At the end a step by step modelling and optimization
phases are portrayed in a flowchart.
2.1. HVAC system Modelling
2.1.1. Data collection and data division
Building Management System (BMS) and weather station provide a wide-ranging dataset for
HVAC system modelling. However, not all data elements are related to output. Therefore,
initial selection of input parameters has been performed for individual output parameters based
on domain knowledge. Table 1 provides a list of input and output parameters along with their
short description.
Table 1: Description of input and output parameters
Parameter Type

Output Parameter

Principle Input
Parameters

Parameter Name
EC
IA-T
IA-RH
IA-CO2
IA-VOC
IAT set-point
SASP set-point

Unit
kWh
0
C
%
ppm
ppm
0
C
kPa

CHW-DP
HWS-DP
RA-RH
RA-T
SAF-S
TL
D
D-RET
D-REL
D-OA
CHW-V
HW-V

Description
Energy consumption
Indoor air temperature
Indoor air relative humidity
Indoor air carbon dioxide
Indoor air volatile organic compound
Indoor air temperature set point
Supply Air Duct Static Pressure set point
Chilled Water Coil Valve Position (Perimeter,
Centre) - Open
Hot Water Coil Valve Position (Perimeter, Centre)
- Open
Chilled water differential pressure
Hot water System differential pressure
Return Air Humidity
Return air temperature
Supply Air Fan Speed
Terminal Load (Perimeter, Centre)
Position of Dampers (centre, perimeter) - Open
Position of Return Air Dampers - Open
Position of Relief Air Dampers - Open
Position of Outside Air Dampers - Open
Chilled Water Flow Velocity
Hot Water Flow Velocity

CHW-VF
HW-VF

Chilled Water Volumetric Flow Rate
Hot Water Volumetric Flow Rate

m3/h
m3/h

CHWC-VLV
HWC-VLV

HVAC Equipment
Input Parameters
(Controllable)
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%
%
kPa
kPa
%
0
C
%
%
%
%
%
%
m/s
m/s

Weather Input
Parameters
(Uncontrollable)

Z-CO2
O-CO2
Z-VOC
O-VOC
EC
OA-T
DP-T
OA-RH
OA-E
SR
QFE
S
Dta

Zone Carbon Dioxide
Outdoor Carbon Dioxide
Zone Volatile Organic Compound
Outdoor Volatile Organic Compound
Energy consumption5
Outside air temperature
Dew point temperature
Outside air relative humidity
Outside Air Enthalpy
Solar Radiation (10min Average)
Barometric Pressure (Station elevation)
Outside wind Speed (10min Mean)
Outside wind direction

ppm
ppm
ppm
ppm
kWh
0
C
0
C
%
kJ/kg
W/m2
hPa
m/s
Degree

The whole one year 5 min interval real time series data of the selected variables (related to
HVAC equipment, AHU and VAV Control Unit) are retrieved from the Murdoch University
Building Management System (BMS) [17] and Weather Station [18] through a systematic data
collection procedure [19].
Afterwards data are divided based on the seasonal variations as presented in an earlier study of
the authors [19]. That study confirmed that developing a separate model for individual climatic
period provides better model performance. Table 2 presents the description of data-sets based
on seasonal variations. This study uses dataset 1 for model development. The prediction
performance of developed model is validated afterwards by testing the network using dataset
7 as listed in Table 2.
Table 2: Description of data sets
Data set
1
2
3
4
5
6

Data set type
First Summer
Second Summer
Autumn
Winter
First Spring
Second Spring

Time period
Dec 2017– Jan 2018
Feb 2018 – Mar 2018
Apr 2018 – May 2018
Jun 2018 – Jul 2018
Aug 2018 – Sep 2018
Oct 2018 – Nov 2018

5

Number of instances
17856
16992
17568
17568
17568
17568

While developing model for indoor environmental parameters EC has been considered as a controllable input
parameter.
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7

Test data set

One day from each
season (This day does
not belong to data set 16)
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2.1.2. Data pre-processing and selection of input parameters
Before final selection of input parameters for individual output parameters, data has been preprocessed according to previously described procedure [19]. Afterwards, suitable machine
learning algorithm has been chosen from a wide variety of algorithms to use in the feature
selection process. This study uses MATLAB regression learner toolbox for selection of features
and training algorithm. To select the best-suited algorithm, the regression model has been
trained using different algorithms and in each case model’s performance has been evaluated
based on performance indicators: speed, accuracy and complexity. These performance
indicators are quantified based on the result of performance comparison metrics: root mean
square error (RMSE), mean absolute error (MAE) and coefficient of determination (RSquared) and iteration time. The characteristics of these performance comparison metrics and
the equations used for calculating these metrics are described in an earlier study [19]. The
models are validated using 5-fold cross validation method. This method protects against over
fitting by partitioning the data set into 5 folds and estimating accuracy on each fold. Detail
about feature selection procedure to perform final selection of input parameters is included in
an earlier study of the authors [19]. The same procedure has been followed for individual output
parameters as specified in Table 1 to determine the best combination of features and best suited
algorithm in terms of model’s performance.
Despite in an earlier study of the authors [19] features were selected for developing predictive
model of indoor air temperature, the same procedure has been followed here to refine the
developed model using modified combination of dataset. This model refinement has become
necessary to take into account few new input parameters e.g., CO2 concentration, VOC
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concentration, hot water or cold-water flow velocity along with previously used ones. Due to
data unavailability those input parameters were not taken into consideration in past study. This
modified combination of data-set leads to improved prediction results for refined model
compared to previously developed one [19].
2.1.3. Development of prediction model using NN
Nonlinear Autoregressive with External Input (NARX) has been chosen in this study to develop
the predictive model for HVAC energy consumption and defined indoor environmental
parameters based on this network’s performance to predict accurately as demonstrated in the
earlier study [19]. When this network is applied to time series prediction, it acts as a
feedforward time delay neural network (TDNN) with the default tan-sigmoid transfer function
in the hidden layer and linear transfer function in the output layer. This neural network allows
a delay line on the inputs, and the outputs feed back to the input by another delay line. The
characteristics of NARX is to predict future values of a time series y(t) from past values of that
time series and past values of a second-time series x(t) and can be written in the form:
𝑦(𝑡) = 𝑓(𝑦(𝑡 − 1), … , 𝑦(𝑡 − 𝑑), 𝑥(𝑡 − 1), … , 𝑥(𝑡 − 𝑑))

(1)

where d, x(t) and y(t) represent respectively number of time delays, input time series and output
time series.
The procedure that is followed to develop the predictive model using NARX for all defined
output parameters was described step by step in an earlier study of the authors [19].
2.2. Optimization Problem
Due to the nonlinearity, complexity and interconnection between the developed predictive
models, it poses challenge to solve the models by conventional optimization algorithm. PSO
algorithm is capable of finding optimal or near optimal solutions for complex optimization
problems [20] and has been found effective in HVAC applications [9, 21, 22] due to its lesser
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memory requirements and ease of implementation along with better performance for solutions
[23].
With a view to ensuring optimal energy consumption while simultaneously maintaining indoor
environmental conditions it is necessary to adjust the temperature and duct static pressure setpoint in response to outside weather conditions. This study starts with formulating a multivariable optimization problem where HVAC energy consumption and indoor environmental
parameters are considered as individual responses with an association between them. The
HVAC energy consumption is minimized by implementing optimal control settings generated
by a particle swarm algorithm (PSO). On the other hand, satisfactory indoor environmental
condition is addressed by including relevant constraints in the objective function. This
optimization methodology is carried out in three major steps: (1) Defining Objective Function,
(2) Selection of Design Variables, and (3) Selection of Constraints. All steps are discussed in
detail in the following subsections.
2.2.1. Defining Objective Functions
For a real HVAC system, it is desired that this system consumes minimum energy. The total
energy consumption of the system including the chiller, hot water and cold-water pump, and
AHU can be expressed by equation (2)
𝑬𝑬𝒍𝒆𝒄𝒕𝒓𝒊𝒄𝒂𝒍−𝒕𝒐𝒕𝒂𝒍 = 𝑬𝒄𝒉𝒊𝒍𝒍𝒆𝒓 + 𝑬𝑪𝑯𝑾 𝑷𝒖𝒎𝒑 + 𝑬𝑯𝑾 𝑷𝒖𝒎𝒑 + 𝐸𝐴𝐻𝑈

(2)

On the other hand, it is important to maintain the building indoor environmental conditions to
the satisfactory level. Indoor environmental conditions are represented by four parameters e.g.,
indoor temperature, humidity, level of CO2 and VOC which are discussed in detail in Section
4.1. These defined indoor environmental parameters are closely linked with energy
consumption and call for excess energy to remain within the acceptable range. Therefore, one
of the objective functions of this study is to minimize energy consumption and can be expressed
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by min (𝑦𝐸𝑛𝑒𝑟𝑔𝑦 (t)). Another objective function is to satisfy the indoor environmental
conditions which conflicts with first objective in terms of energy consumption. Therefore, with
respect to first objective second objective function can be considered as constraint function and
can be expressed as (𝑦𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 (t)). The second objective function is restricted by the
acceptable range of thermal comfort and air quality limit.
2.2.2. Selection of Design variables
The controllable (HVAC equipment) and uncontrollable (weather) parameters as detailed in
Table 1 have been considered fixed and independent of principal input parameters in seeking
the optimal control settings at each time stamp. The principle input parameters also called the
design variables have been varied within a range as described in Table 3 to provide optimal
solutions for the objective functions stated in Sub-section 2.2.1. In an earlier study of the
authors [19] detailed analysis has been performed to re-set the indoor air temperature set point
that optimizes energy consumption while simultaneously satisfies thermal environmental
conditions as per ASHRAE Standard 55-2017. Following that re-setting approach this study
proposes this set-point range for indoor air temperature. On the other hand, Supply Air Duct
Static Pressure set point range has been fixed based on current BMS setting of the case building.
Table 3: Description of design variables

Principal input parameters

Design variables

Description

Unit

Range

IAT set-point

Indoor air temperature set point

0

21.9-26.7

SASP set-point

Supply Air Duct Static Pressure set point

kPa

C

50-180 (East side AHU)
70-300 (West side AHU)

2.2.3. Selection of Constraints
The constraints in the optimization problem are imposed due to the upper and lower bounds of
indoor environmental parameters. For indoor temperature it is difficult to define its upper and
lower bound since the acceptable range of indoor temperature as per thermal comfort
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conditions is greatly influenced by relative humidity. As per AHRAE Standard 55 [16], there
is a negative relationship between indoor temperature and relative humidity which has been
investigated in an earlier study of the authors [19] in the context of real study building.
Therefore, it is necessary to categorize the thermal comfort limit for different indoor humidity
readings.
This study analyses the trend for past one-year data of indoor relative humidity which gives
the upper and lower bounds for indoor humidity (Figure 1). The chart is plotted using 5
minutes’ interval 104812-time series data starting from 01/12/2017 to 30/11/2018. This Figure
indicates that during the specified period indoor relative humidity fluctuated between 33.8762.95%. Based on the recorded trend log, the range of indoor air humidity has been confined
to 30-65%.

Indoor Air Humidity (%RH)

65
60
55
50
45
40
35
30
0

20000

40000

60000

80000

100000

Figure 1: Inclination of Indoor air humidity over one year

The learnt indoor humidity range has been split afterward to determine the upper and lower
bounds of indoor temperature for different indoor humidity readings as per ASHRAE Standard
55 [16].
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The acceptable ranges of indoor CO2 and VOC have been set based on Australian Standard
AS 1668.2 2016 [24] and current practices in Australia. Table 4 gives a brief description of the
constraints constituted from indoor environmental parameters.
Table 4: Description of constraints
Constraints
Indoor
environmental
parameter

Parameter Name

Description

Unit

Range
Lower limit 20.8 and Upper limit 27.5 for RH 30%
Lower limit 20.7 and Upper limit 27.3 for RH 35%
Lower limit 20.6 and upper limit 27.2 for RH 40%
Lower limit 20.4 and Upper limit 27 for RH 45%
Lower limit 20.3 and Upper limit 26.9 for RH 50%
Lower limit 20.2 and Upper limit 26.8 for RH 55%
Lower limit 20.1 and upper limit 25.1 for RH 60%
Lower limit 20 and Upper limit 23.5 for RH 65%

1

IA-T

Indoor Air
Temperature

0

2

IA-H

Indoor Air Humidity

%RH

30-65

3

IA-CO2

Indoor air CO2

ppm

≤ 800

4

IA-VOC

Indoor air VOC

ppm

≤ 1000

C

The ensued modelling and optimization phases are portrayed in a flowchart as shown in Figure
2.
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Start

Define the boundaries of the control variables

Generate initial random particles

Define maximum iteration and population size

Calculate the velocity and update the position of the particles

Decode string to controller setpoints
Impose penalty and
intelligent rules
based on constraints

Run NARX predictive models

Calculate the Objective Function (Energy Consumption) for each particle

Update the best particle in this population and global best particle overall

No

Maximum population reached?

Yes

Update the best particle in this iteration and update MPSO inertia weight

No
Maximum iteration reached?

Yes
Update the best particle

End

Figure 2: Flowchart of NARX and PSO algorithm for the modelling and optimization process
The modelling and optimization process starts with defining the boundaries of the control
variables. The PSO algorithm initializes the optimization variables as a group of random
particles to participate in the iteration, and then determines the position and velocity of the
particles during the iteration process. Finally, simulation results are obtained through multiple
iterations. The initial population size and the maximum number of iterations are fixed trial and
error basis. It has been found sufficient to converge when the initial population size is set at
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150 (Appendix D) and the maximum number of iterations at 100. In order to obtain the
optimum energy consumption through satisfying thermal comfort and IAQ conditions, penalty
and intelligent rules are applied to optimization problem based on constraints. Controller setpoints are adjusted in each time within the boundary limit as defined in Section 2.2.2 and
iteration process is repeated until the maximum iteration reached. Thus, for each time-step of
the defined predictive models the best solution is obtained fulfilling constraints conditions.
3.

Results and Discussion

3.1. Selection of Input Parameters
Before selection of input parameters for the defined output parameters suitable training
algorithms have been selected from wide varieties of algorithm. The performance of five major
regression models: Regression Tree, Ensemble of Tree, Linear Regression, Support Vector
Machine (SVM), Gaussian Process Regression (GPR) has been verified using corresponding
training algorithms. Total 19 training algorithms as listed in Appendix A: Table A1 have been
used in this analysis. Out of 19 training algorithms 5 top performing algorithms in terms of
predictive model performance for individual output parameters are detailed in Table 5.
Table 5: Performance of regression models in terms of performance comparison matrices and
training time
Output Parameter

Model type

RMSE

R-Squared

MAE

Training time (sec)

EC

Matern 5/2 GPR

0.0141

1.00

0.0094

3.545

Rational Quadratic GPR

0.0143

1.00

0.0095

4.690

Squared Exponential GPR

0.0148

1.00

0.0100

3.703

Exponential GPR

0.0198

1.00

0.0132

3.991

Matern 5/2 GPR

0.0302

0.99

0.0218

7.163

Squared Exponential GPR

0.0310

0.99

0.0220

7.923

Rational Quadratic GPR

0.0310

0.99

0.0220

8.676

Exponential GPR

0.0332

0.99

0.0249

6.486

Matern 5/2 GPR

0.0237

0.99

0.0126

3.518

Rational Quadratic GPR

0.0244

0.99

0.0128

4.132

I-AT

I-RH
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I-CO2

I-VOC

Squared Exponential GPR

0.0256

0.99

0.0134

3.027

Exponential GPR

0.0294

0.99

0.0179

5.511

Squared Exponential GPR

0.0315

0.99

0.0177

4.692

Rational Quadratic GPR

0.0316

0.99

0.0177

5.196

Matern 5/2 GPR

0.0322

0.99

0.0171

4.265

Exponential GPR

0.0420

0.99

0.0237

6.598

Matern 5/2 GPR

0.0322

0.99

0.0205

4.998

Rational Quadratic GPR

0.0330

0.99

0.0207

6.284

Squared Exponential GPR

0.0340

0.99

0.0211

5.607

Exponential GPR

0.0378

0.99

0.0228

8.250

Table 5 demonstrates that GPR outperforms other regression models in terms of performance
comparison matrices and training time. Out of 4 training algorithms used in GPR Matern 5/2
performs the best for EC, I-AT, I-RH, and I-VOC predictive models while for I-CO2 predictive
model Squared Exponential GPR provides the best performance.
The regression models outperforming best for individual predictive models have been used for
feature selection process to select optimum input parameters for each model. In the feature
selection procedure 1-day time series data of dataset 1 (Table 2) has been used for all primarily
selected input parameters. In the previous study [19] the authors conducted a rigorous analysis
to determine the optimum size of training dataset in terms of model’s performance. Based on
the outcome this study uses 1-day time series data to train the model. Individual zone’s CO2
and VOC data has been considered as separate features since the level of highest CO2 and
VOC values at different time may have impact on output parameters. Thus, total 36 features
have been identified and tested during feature selection procedure against individual output
parameters. Initially the models for IA-T, IA-RH, IA-CO2 and IA-VOC are trained using three
principle features (IAT set-point, SASP set point-west side AHU and SASP set point-east side
AHU) as stated in Table 3. Afterwards rest of the features are added one by one and in each
time the corresponding model is trained, and response plot is observed to see the prediction
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result against the training data. Also, in each time model performance is observed through
evaluating the values of performance comparison metrics for the trained model and the time
required to train the model. Features having positive influence on model performance are
permanently included in the subset while the features which do not improve the performance
of the model are not added next time. Thus, this feature selection procedure ensures eliminating
identical characteristic features as well as irrelevant features. Table 6 shows the prediction
results of the best performing models using optimum numbers of input parameters. Details
about feature selection process for the defined models can be found in Appendix B1-B5.
Table 6: Prediction results of the models using optimum numbers of input parameters
Output
Parameter

Selected Features

Number
of
Features

RMSE

RSquared

MAE

Training
time
(sec)

EC

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DPT,Dta,QFE,RH,S,Z2CO2,Z2VOC,OVOC,CHWV,CHWDP

17/36

0.0086

1.00

0.0060

1.36

I-AT

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OAT,QFE,RH,S,SR,RAH,CHWDP,Z1VOC,D4,D5,D6,CHWV

18/36

0.0280

0.99

0.0209

3.27

I-AH

MTSP,DSPSP1,DSPSP2,RH,SR,E,OA-T,Z3CO2,Z1VOC,
Z2VOC,Z3VOC,OVOC,CHWDP,EC

14/36

0.0099

1.00

0.0060

2.07

I-CO2

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,
Z3CO2,Z1VOC,Z2VOC,QFE,OA-T,RAH,EC

12/36

0.0154

1.00

0.0059

2.62

I-VOC

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC,Z3VOC,OVOC,RAH,E,EC

16/36

0.0143

1.00

0.0082

3.07

For the ease of visualization, all selected input parameters against individual output parameters
are listed in Table 7.

303

Table 7: List of selected input parameters for the defined output parameters
Output parameters
Symbols used to

Energy Consumption

Indoor Temperature

Indoor Humidity (I-

Indoor CO2

Indoor VOC

(EC)

(I-AT)

AH)

Concentration (I-CO2)

Concentration (I-

𝑦𝐸𝐶

𝑦𝑂𝐴−𝑇

𝑦𝑂𝐴−𝑅𝐻

𝑦𝑂𝐴−𝐶𝑂2

𝑦𝑂𝐴−𝑉𝑂𝐶

Indoor air temperature set point (IAT set-point)

✔

✔

✔

✔

✔

Supply Air Duct Static Pressure set point – west side

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

express

Input parameters

individual

VOC)

parameters
𝑥𝑀𝑇𝑆𝑃
𝑥𝐷𝑆𝑃𝑆𝑃1

AHU (SASP set-point 1)
𝑥𝐷𝑆𝑃𝑆𝑃2

Supply Air Duct Static Pressure set point – east side
AHU (SASP set-point 2)

𝜈1

Outside air enthalpy (OA-E)

✔

✔

𝜈2

Barometric pressure, (QFE)

✔

✔

𝜈3

Outside air temperature (OA-T)

✔

✔

𝜈4

Solar Radiation (10min Average) (SR)

✔

✔

𝜈5

Outside wind direction (Dta)

✔

𝜈6

Dew point temperature (DP-T)

✔

𝜈7

Outside air relative humidity (OA-RH)

✔

✔

𝜈8

Outside wind Speed (10min Mean) (S)

✔

✔

𝜈9

Return air temperature (RA-T)

✔

✔

𝜈10

Return air humidity (RA-RH)

✔

✔

𝜈11

Terminal load (L)

✔

𝜈12

Chilled water differential pressure (CHW-DP) or Hot

✔

✔

✔

✔

✔
✔

✔

✔

✔
✔

✔
✔

✔

✔

✔

✔

water system differential pressure (HWS-DP) (depends
on seasonal variation)
𝜈13

Chilled water velocity (CHW-V) or Hot water velocity
(HW-V) (depends on seasonal variation)

𝜈14 for zone 1;

CO2 concentration

✔(zone 2 - Z2-CO2)

𝜈15 for zone 2;
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✔ (zone 3 - Z3-CO2)

✔ (adjacent zones: zone

✔ (zone 1 - Z1-CO2

2 - Z2-CO2, zone 3 -

and zone 3 - Z3-CO2)

𝜈16 for zone 3;

Z3-CO2, and outdoor -

𝜈17 for outdoor

O-CO2)

𝜈18 for zone 1;

VOC concentration

𝜈19 for zone 2;

✔ (zone 2 - Z2-VOC

✔ (zone 1 - Z1-VOC)

and outdoor - O-VOC)

✔ (zone 1 - Z1-VOC,

✔(zone 1 - Z1-VOC

zone 2 - Z2-VOC, zone

and zone 2 - Z2-VOC)

✔(adjacent zones: zone
2 - Z2-VOC, zone 3 -

𝜈20 for zone 3;

3 - Z3-VOC and

Z3-VOC, and outdoor -

𝜈21 for outdoor

outdoor - O-VOC)

O-VOC)

𝜈22 for outside ;

AHU damper position: Outside (D4), relief (D5) and

𝜈23 for relief;

return (D6)

✔

𝜈24 for return
𝜈25

✔

Energy Consumption (EC)
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✔

✔

✔

After performing feature selection, the output parameters e.g. energy consumption, indoor
temperature, relative humidity, CO2 and VOC concentration can be expressed as the function
of corresponding input parameters (see equation (3) – (7)).
𝑦𝐸𝐶 = 𝑓(𝑥𝑀𝑇𝑆𝑃 , 𝑥𝐷𝑆𝑃𝑆𝑃1 , 𝑥𝐷𝑆𝑃𝑆𝑃2 , 𝜈1 , 𝜈2 , 𝜈5 , 𝜈6 , 𝜈7 , 𝜈8 , 𝜈9 , 𝜈10 , 𝜈11 , 𝜈12 , 𝜈13 , 𝜈15 , 𝜈19 , 𝜈21 )

(3)

𝑦𝑂𝐴−𝑇 =
𝑓(𝑥𝑀𝑇𝑆𝑃 , 𝑥𝐷𝑆𝑃𝑆𝑃1 , 𝑥𝐷𝑆𝑃𝑆𝑃2 , 𝜈1 , 𝜈2 , 𝜈3 , 𝜈4 , 𝜈7 , 𝜈8 , 𝜈9 , 𝜈10 , 𝜈12 , 𝜈13 , 𝜈18 , 𝜈22 , 𝜈23 , 𝜈24 , 𝜈25 )

(4)

𝑦𝑂𝐴−𝑅𝐻 = 𝑓(𝑥𝑀𝑇𝑆𝑃 , 𝑥𝐷𝑆𝑃𝑆𝑃1 , 𝑥𝐷𝑆𝑃𝑆𝑃2 , 𝜈1 , 𝜈3 , 𝜈4 , 𝜈7 , 𝜈12 , 𝜈16 , 𝜈18 , 𝜈19 , 𝜈20 , 𝜈21 , 𝜈25 )

(5)

𝑦𝑂𝐴−𝐶𝑂2 = 𝑓(𝑥𝑀𝑇𝑆𝑃 , 𝑥𝐷𝑆𝑃𝑆𝑃1 , 𝑥𝐷𝑆𝑃𝑆𝑃2 , 𝜈2 , 𝜈3 , 𝜈10 , 𝜈15 , 𝜈16 , 𝜈17 , 𝜈18 , 𝜈19 , 𝜈25 )

(6)

𝑦𝑂𝐴−𝑉𝑂𝐶 = 𝑓(𝑥𝑀𝑇𝑆𝑃 , 𝑥𝐷𝑆𝑃𝑆𝑃1 , 𝑥𝐷𝑆𝑃𝑆𝑃2 , 𝜈1 , 𝜈2 , 𝜈3 , 𝜈4 , 𝜈6 , 𝜈7 , 𝜈10 , 𝜈14 , 𝜈16 , 𝜈19 , 𝜈20 , 𝜈21 , 𝜈25 ) (7)
3.2. Development of prediction model using NN
NARX has been used to develop predictive model for individual output parameters using the
corresponding input parameters as described in equation (3) - (7). During model development
effort has been paid on identifying optimum network size which has been determined based on
the values of performance comparison matrices RMSE, R-squared and training time. Models
have been developed using data-set 1 (Table 2) of the selected parameters.
This study uses open-loop architecture (Series-Parallel configuration) to train the NARX
network. Fig. 3(a), 4(a), 5(a), 6(a), 7(a) present the time series response of output element –
Energy Consumption, Indoor Temperature, Indoor Humidity, Indoor CO2 and Indoor VOC
respectively and corresponding errors in all steps – training, validation and test of training
phase. These Figures also indicate which time plots are selected for these steps of training
phase. Similarly, the regression (R) values in the GUI are computed based on the open-loop
training results. Regression plot is used to validate the network. Fig. 3(b), 4(b), 5(b), 6(b), 7(b)
show the R results in training, validation and testing steps of the developed predicted model
for Energy Consumption, Indoor Temperature, Indoor Humidity, Indoor CO2 and Indoor VOC
respectively. And also, overall R value is presented (Fig. 3(b), 4(b), 5(b), 6(b), 7(b)). Models’
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(Energy Consumption, Indoor Temperature, Indoor Humidity, Indoor CO2 and Indoor VOC)
best validation performances in terms of MSE are plotted in Appendix C (Fig. C1-Fig. C5).

(a)

(b)

Figure 3.: (a) Time series response for trained network (Energy Consumption) (b) Regression
values in training, validation and testing steps (Energy Consumption)
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(a)

(b)

Figure 4.: (a) Time series response for trained network (Indoor Temperature) (b) Regression
values in training, validation and testing steps (Indoor Temperature)
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(a)

(b)

Figure 5.: (a) Time series response for trained network (Indoor Humidity) (b) Regression
values in training, validation and testing steps (Indoor Humidity)
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(a)

(b)

Figure 6.: (a) Time series response for trained network (Indoor CO2) (b) Regression values in
training, validation and testing steps (Indoor CO2)
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(a)

(b)

Figure 7.: (a) Time series response for trained network (Indoor VOC) (b) Regression values
in training, validation and testing steps (Indoor VOC)
The performance of the network is measured in terms of RMSE. Table 8 illustrates the RMSE
and R values for individual predictive models.
Table 8: The performance of predictive models
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Predictive model

𝑦𝐸𝐶

𝑦𝑂𝐴−𝑇

𝑦𝑂𝐴−𝑅𝐻

𝑦𝑂𝐴−𝐶𝑂2

𝑦𝑂𝐴−𝑉𝑂𝐶

Steps of training -phase

RMSE

R

Training

0.0057

0.9999

Validation

0.0097

0.9997

Testing

0.0101

0.9995

Training

0.0145

0.9987

Validation

0.0305

0.9943

Testing

0.0362

0.9907

Training

0.0017

0.99998

Validation

0.0050

0.99985

Testing

0.0048

0.99988

Training

0.0192

0.9986

Validation

0.0233

0.9980

Testing

0.0256

0.9979

Training

0.0043

0.9999

Validation

0.0267

0.9969

Testing

0.0539

0.9870

Training
time (sec)
1.25

2.73

1.48

1.87

2.67

From the analysis of optimum network size, it is found that NARX network for energy
consumption model provides best performance when the number of hidden neurons and
number of time delays are adjusted to 12 and 2 respectively. For indoor temperature, indoor
humidity, indoor CO2 and indoor VOC predictive models optimum network size has been
found as hidden neurons - 12, 10, 10, 10 and number of time delays - 3, 2, 2, 2 respectively.
Using the corresponding value of number of time delays in Equation (1) it can be expressed as
𝑦1 (𝑡) = 𝑓(𝑦1 (𝑡 − 1), 𝑦1 (𝑡 − 2), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 1), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 1), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 −
1), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 − 2), 𝜈1 (𝑡 − 1), 𝜈1 (𝑡 − 2), 𝜈2 (𝑡 − 1), 𝜈2 (𝑡 − 2), 𝜈5 (𝑡 − 1), 𝜈5 (𝑡 − 2), … . . , 𝜈13 (𝑡 − 1), 𝜈13 (𝑡 −
2), 𝜈15 (𝑡 − 1), 𝜈15 (𝑡 − 2), 𝜈19 (𝑡 − 1), 𝜈19 (𝑡 − 2), 𝜈21 (𝑡 − 1), 𝜈21 (𝑡 − 2))

(8)

𝑦2 (𝑡) = 𝑓( 𝑦2 (𝑡 − 1), . . , 𝑦2 (𝑡 − 3), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 1), … , 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 3), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 1), … . , 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 −
3), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 − 1), … . , 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 − 3), 𝜈1 (𝑡 − 1), … . , 𝜈1 (𝑡 − 3), . … , 𝜈4 (𝑡 − 1), … . , 𝜈4 (𝑡 − 3), 𝜈7 (𝑡 −
1), … … , 𝜈7 (𝑡 − 3), . . . . , 𝜈10 (𝑡 − 1), … . , 𝜈10 (𝑡 − 3), 𝜈12 (𝑡 − 1), … … , 𝜈12 (𝑡 − 3), 𝜈13 (𝑡 − 1), … … 𝜈13 (𝑡 −
3), 𝜈18 (𝑡 − 1), … … , 𝜈18 (𝑡 − 3), 𝜈22 (𝑡 − 1), … . , 𝜈22 (𝑡 − 3), … . . , 𝜈25 (𝑡 − 1), … . , 𝜈25 (𝑡 − 3))

(9)

𝑦3 (𝑡) = 𝑓(𝑦3 (𝑡 − 1), 𝑦3 (𝑡 − 2), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 1), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 1), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 −
1), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 − 2), 𝜈1 (𝑡 − 1), 𝜈1 (𝑡 − 2), 𝜈3 (𝑡 − 1), 𝜈3 (𝑡 − 2), 𝜈4 (𝑡 − 1), 𝜈4 (𝑡 − 2), 𝜈7 (𝑡 − 1), 𝜈7 (𝑡 −
2), 𝜈12 (𝑡 − 1), 𝜈12 (𝑡 − 2), 𝜈16 (𝑡 − 1), 𝜈16 (𝑡 − 2), 𝜈18 (𝑡 − 1), 𝜈18 (𝑡 − 2), … … , 𝜈21 (𝑡 − 1), 𝜈21 (𝑡 − 2), 𝜈25 (𝑡 −
1), 𝜈25 (𝑡 − 2))

(10)

𝑦4 (𝑡) = 𝑓(𝑦4 (𝑡 − 1), 𝑦4 (𝑡 − 2), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 1), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 1), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 −
1), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 − 2), 𝜈2 (𝑡 − 1), 𝜈2 (𝑡 − 2), 𝜈3 (𝑡 − 1), 𝜈3 (𝑡 − 2), 𝜈10 (𝑡 − 1), 𝜈10 (𝑡 − 2), 𝜈15 (𝑡 − 1), 𝜈15 (𝑡 −
2), … … , 𝜈19 (𝑡 − 1), 𝜈19 (𝑡 − 2), 𝜈25 (𝑡 − 1), 𝜈25 (𝑡 − 2))

(11)

𝑦5 (𝑡) = 𝑓(𝑦5 (𝑡 − 1), 𝑦5 (𝑡 − 2), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 1), 𝑥𝑀𝑇𝑆𝑃 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 1), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡 − 2), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 −
1), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡 − 2), 𝜈1 (𝑡 − 1), 𝜈1 (𝑡 − 2), … … , 𝜈4 (𝑡 − 1), 𝜈4 (𝑡 − 2), 𝜈6 (𝑡 − 1), 𝜈6 (𝑡 − 2), 𝜈7 (𝑡 − 1), 𝜈7 (𝑡 −
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2), 𝜈10 (𝑡 − 1), 𝜈10 (𝑡 − 2), 𝜈14 (𝑡 − 1), 𝜈14 (𝑡 − 2), 𝜈16 (𝑡 − 1), 𝜈16 (𝑡 − 2), 𝜈19 (𝑡 − 1), 𝜈19 (𝑡 − 2), 𝜈20 (𝑡 −
1), 𝜈20 (𝑡 − 2), 𝜈21 (𝑡 − 1), 𝜈21 (𝑡 − 2), 𝜈25 (𝑡 − 1), 𝜈25 (𝑡 − 2))

(12)

Where 𝑦1 (𝑡), 𝑦2 (𝑡), 𝑦3 (𝑡), 𝑦4 (𝑡), 𝑦5 (𝑡) represent respectively energy consumption, indoor air
temperature, indoor relative humidity, indoor CO2 concentration and VOC concentration.
3.3.

Validation of predictive models

To validate the result for model predictive performance as discussed in Section 3.2, the network
is tested using different dataset (dataset 7) by computing the network outputs, errors and overall
performance. Details about dataset 7 can be found in Table 2. Table 9 presents the validation
results for individual predictive models.
Table 9: Validation results for individual predictive models
Predictive model

RMSE

R

𝑦𝐸𝐶

0.0072

0.9998

𝑦𝑂𝐴−𝑇

0.0220

0.9968

𝑦𝑂𝐴−𝑅𝐻

0.0030

0.9999

𝑦𝑂𝐴−𝐶𝑂2

0.0210

0.9984

𝑦𝑂𝐴−𝑉𝑂𝐶

0.0236

0.9980

The models are validated by comparing the predicted values with the observed values as

120
110
100
90
80
70
60
50
40
9:15

24.2

Indoor Temperature (0C)

Energy Consumption (kWh)

presented in Figure 8(a), Figure 8(b), Figure 8(c), Figure 8(d), Figure 8(e), and Figure 8(f).

14:03

18:51
23:39
Time

Predicted

4:27

24
23.8
23.6
23.4
23.2
23
22.8
9:15

9:15

Observed

(a)

14:03

18:51
23:39
4:27
Time
Predicted
Observed

(b)

313

9:15

550

56
54

Indoor CO2 (ppm)

Indoor Relative Humidity (%)

58

52
50
48
46
44
9:15

14:03

18:51

23:39

4:27

500
450
400
350
300
9:15

9:15

14:03

18:51
23:39
Time

Time
Observed

Predicted

Observed

(c)

4:27

9:15

Predicted

(d)

Indoor VOC (ppm)

650
600
550
500
450
400
350
300
9:15

14:03

18:51

23:39

4:27

9:15

Time
Observed

Predicted

(e)

Figure 8: Predictive model (a) Energy Consumption, (b) Indoor Temperature, (c) Indoor
Humidity, (d) Indoor CO2, (e) Indoor VOC
3.4. Optimization Model Formulation
The trend observed from Figure 8(c) indicates that on that particular day the percentage of
indoor air relative humidity fluctuated by ±5% from 50%. For 5% changes in relative humidity
the changes in acceptable range of indoor temperature is ±0.10C as per Table 4 which is
negligible. Therefore, it has been assumed that throughout the day indoor air relative humidity
was 45%. Considering relative humidity 45%, the lower and upper limits of acceptable range
of indoor temperature are found to be 20.3 and 26.9 respectively.
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Based on the presented prediction models (equation (8) - (12)) in Section 3.3, the multi-variable
optimization problem of an HVAC system is formulated by incorporating optimization
objectives, design variables, and constraints.
min(y1(t))
subject to equation (8) - (12)
y2 (t), y3 (𝑡), y4 (t), y4 (t)values should be optimized fulfilling the constraints as denoted
in Eq. (13).
20.3 ≤ 𝑦2 ≤ 26.9
30 ≤ 𝑦4 (𝑡) ≤ 65
0 ≤ 𝑦4 (𝑡) ≤ 800

(13)

0 ≤ 𝑦5 (𝑡) ≤ 1000

Since the value of indoor air relative humidity on that particular day has been considered fixed,
therefore, the constraint of 30 ≤ 𝑦4 (𝑡) ≤ 65 in equation (13) is not applicable for this
optimization problem.
𝑥𝑀𝑇𝑆𝑃 (𝑡), 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡), 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡) are considered as design variables representing supply air
temperature set-point, supply air duct static pressure set point for west side AHU, and supply
air duct static pressure set point for east side AHU respectively.
Each design variable has its own bound, as detailed in Table 3 and denoted in Eq. (14)
21.9 ≤ 𝑥𝑀𝑇𝑆𝑃 (𝑡) ≤ 26.7
70 ≤ 𝑥𝐷𝑆𝑃𝑆𝑃1 (𝑡) ≤ 300
50 ≤ 𝑥𝐷𝑆𝑃𝑆𝑃2 (𝑡) ≤ 180

(14)

3.5. Optimization Results
Figure 9(a) and 9(b) compare the effective and proposed control settings of the indoor
temperature set-point and duct static pressure set-point for the specified time period as defined
in Section 3.3 and Section 3.4.
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Figure 9: Comparison of Effective and proposed set-point (a) Indoor Temperature (b) Static
Pressure
Figure 9(a) shows that employing the proposed control setting generated from the optimization
process indoor temperature set-point time-series data better follows the trend of outdoor
temperature without exceeding the boundary limit as defined in Section 2.2.2. This ultimately
narrows down the gap between outdoor air temperature and indoor temperature resulting in
less energy requirements for heating/cooling of the case building.
In Figure 9(b) yellow and blue dotted line stand for boundary limit for west side and east side
AHU duct static pressure set-point. This Figure shows that for both east side and west side
AHUs the proposed control setting for duct static pressure set-point lowers the corresponding
set-point curves towards lower values which ultimately influences outdoor air ventilation rate
and optimizes energy consumption from the AHUs concerned.
Figure 10(a), 10(b), 10(c) and 10(d) compare the observed and optimized energy consumption
as well as the indoor environmental parameters. Figure 10 demonstrates that the proposed
control strategy reduces a good portion of energy consumption which is equivalent to 7.8% of
total energy without compromising indoor environmental conditions as defined in Section 3.4.
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Figure 10: Optimization Model (a) Energy Consumption, (b) Indoor Temperature, (c) Indoor
CO2, (d) Indoor VOC
4.

Conclusion

To meet the growing expectation of human being in terms of indoor thermal comfort and air
quality an optimal regulating HVAC controller setting is required in the context of
climatological conditions of the local environment. This study presents a state-of-the art
modelling and optimization technique that ensures an optimal control of HVAC systems in
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terms of indoor environmental conditions and energy consumption. In this regard, indoor
environmental condition of the study building is modelled through developing individual
predictive models for the identified indoor environmental parameters integrating HVAC
energy consumption model. The proposed predictive models are then optimized using particle
swarm algorithm (PSO) to provide an optimal control setting for supply air temperature setpoint and duct static pressure set-point of the air handling unit resulting in energy savings.
The influence of seasonal variations has been observed through analysing the trend for past
one-year data of indoor relative humidity and relating the humidity reading with acceptable
ranges of indoor temperature in the context of ASHRAE Standard 55 [16]. Also, during data
collection and data pre-processing seasonal variations are considered and separate model is
suggested for individual climatic periods. Taking into account the harmful effect of high VOC
level on occupants’ health this study includes this parameter into the proposed optimization
problem. Results show that it is possible to minimize 7.8% energy consumption from HVAC
system without compromising indoor environmental conditions. This study demonstrates that
the proposed optimal control settings maintains the indoor environment within the acceptable
limit of thermal comfort conditions and air quality. This energy savings can vary depending on
seasonal variations, system types and conditions, building type and locations, and current
control strategies. As future work, this study can be extended by using the same approach to
another season’s datasets and that result can be compared with present result.
Overall, this study presents substantial evidence to reconsider HVAC operational set-points
that ultimately offers optimum energy consumption without compromising indoor
environmental conditions. The proposed unexploited potential to simultaneously improve the
performance of HVAC systems and indoor environmental conditions drives the discussion on
reconsidering the set-point configuration standards of HVAC in commercial buildings, either
as part of individual building retrofit planning or as part of building regulatory applications.
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Appendix A.
Table A1: List of Regression Algorithms
Regression Model

Training Algorithm

Regression Model

Training Algorithm

Regression trees

Complex tree

Support vector machines

Fine Gaussian SVM

Medium tree

(SVMs)

Medium Gaussian SVM

Ensemble

Linear Regression

Simple tree

Coarse Gaussian SVM

Boosted Tree

Quadratic SVM

Bagged Tree

Cubic SVM

Linear

Linear SVM

Robust Linear

Gaussian

Process

Interactions Linear

Regression (GPR)

Stepwise Linear

Exponential GPR
Rational Quadratic GPR
Squared Exponential GPR
Matern 5/2 GPR

Appendix B
See Table B1, Table B2, Table B3, Table B4, Table B5.
Table B1: Sequential Feature Selection Process for Energy Consumption
Name of

Feature selection

Number

the

of

trained

features

RMSE

R-

MAE

Squared

Training
time
(sec)

model
F1

MTSP,DSPSP1,DSPSP2

3/36

0.1075

0.91

0.0642

1.63

F2

MTSP,DSPSP1,DSPSP2,E

4/36

0.0289

0.99

0.0178

1.12

F3

MTSP,DSPSP1,DSPSP2,E,RAT

5/36

0.0203

1.00

0.0127

1.13

F4

MTSP,DSPSP1,DSPSP2,E,RAT,TL

6/36

0.0200

1.00

0.0123

1.13

F5

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH

7/36

0.0189

1.00

0.0109

1.14

F6

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP

8/36

0.0161

1.00

0.0102

1.15

F7

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,

9/36

0.0158

1.00

0.0102

1.65

F8

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,QFE

10/36

0.0124

1.00

0.0083

1.10

F9

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta, QFE,RH

11/36

0.0119

1.00

0.0080

1.60

F10

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,QFE,RH,S

12/36

0.0116

1.00

0.0082

1.12

F11

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,

13/36

0.0107

1.00

0.0075

1.63

14/36

0.0101

1.00

0.0072

1.14

15/36

0.0094

1.00

0.0066

1.17

QFE,RH,S,Z2CO2
F12

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,QFE,RH,S,
Z2CO2,Z2VOC

F13

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,QFE,RH,S,
Z2CO2,Z2VOC,OVOC
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F14

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DP,Dta,QFE,RH,S,

16/36

0.0088

1.00

0.0062

1.38

17/36

0.0086

1.00

0.0060

1.36

36/36

0.0141

1.00

0.0094

3.55

Z2CO2,Z2VOC,OVOC,CHWV
F15

MTSP,DSPSP1,DSPSP2,E,RAT,TL,RAH,DPT,Dta,QFE,RH,S,Z2CO2,Z2VOC,OVOC,CHWV,CHWDP

F16

All

A number of features e.g., SR, T, Z1CO2, Z3CO2, OCO2, Z1VOC, Z3VOC, D1, D2, D3, D4,
D5, D6, CHWValve1, CHWValve2, CHWValve3, CHWValve4, CHWVF, FS have been
found to be redundant or irrelevant features to define the model for energy consumption.
Table B2: Sequential Feature Selection Process for Indoor temperature
Name of

Feature selection

Number

the

of

trained

features

RMSE

R-

MAE

Squared

Training
time
(sec)

model
F1

MTSP,DSPSP1,DSPSP2

3/36

0.1412

0.73

0.0919

2.97

F2

MTSP,DSPSP1,DSPSP2,E

4/36

0.0533

0.96

0.0395

3.01

F3

MTSP,DSPSP1,DSPSP2,E,EC

5/36

0.0406

0.98

0.0280

3.00

F4

MTSP,DSPSP1,DSPSP2,E,EC,RAT

6/36

0.0396

0.98

0.0269

3.12

F5

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-T

7/36

0.0384

0.98

0.0266

3.07

F6

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-T,QFE

8/36

0.0339

0.98

0.0229

3.04

F7

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-T,QFE,RH

9/36

0.0333

0.99

0.0227

2.97

F8

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-T,QFE,RH,S

10/36

0.0329

0.99

0.0236

3.14

F9

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-T,QFE,RH,S,SR

11/36

0.0324

0.99

0.0231

3.12

F10

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-

12/36

0.0312

0.99

0.0221

3.12

13/36

0.0291

0.99

0.0209

3.10

14/36

0.0290

0.99

0.0209

3.08

15/36

0.0283

0.99

0.0209

3.17

16/36

0.0282

0.99

0.0209

3.24

17/36

0.0280

0.99

0.0209

3.25

T,QFE,RH,S,SR,RAH
F11

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OAT,QFE,RH,S,SR,RAH,CHWDP

F12

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OAT,QFE,RH,S,SR,RAH,CHWDP,Z1VOC

F13

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OAT,QFE,RH,S,SR,RAH,CHWDP,Z1VOC,D4

F14

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OAT,QFE,RH,S,SR,RAH,CHWDP,Z1VOC,D4,D5

F15

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OAT,QFE,RH,S,SR,RAH,CHWDP,Z1VOC,D4,D5,D6
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F16

MTSP,DSPSP1,DSPSP2,E,EC,RAT,OA-

18/36

0.0280

0.99

0.0209

3.27

36/36

0.0302

0.99

0.0218

7.16

T,QFE,RH,S,SR,RAH,CHWDP,Z1VOC,D4,D5,D6,CHWV
F17

All

Table B3: Sequential Feature Selection Process for Indoor humidity
Name of

Feature selection

Number

the trained

of

model

features

RMSE

R-

MAE

Squared

Training
time
(sec)

F1

MTSP,DSPSP1,DSPSP2

3/36

0.0342

0.99

0.0265

1.46

F2

MTSP,DSPSP1,DSPSP2,RH

4/36

0.0229

0.99

0.0161

1.49

F3

MTSP,DSPSP1,DSPSP2,RH,SR

5/36

0.0145

1.00

0.0078

1.47

F4

MTSP,DSPSP1,DSPSP2,RH,SR,E

6/36

0.0124

1.00

0.0060

1.47

F5

MTSP,DSPSP1,DSPSP2,RH,SR,E,OA-T

7/36

0.0121

1.00

0.0060

1.54

F6

MTSP,DSPSP1,DSPSP2,RH,SR,E,OA-T,Z3CO2

8/36

0.0116

1.00

0.0061

1.54

F7

MTSP,DSPSP1,DSPSP2,RH,SR,E,OA-

9/36

0.0112

1.00

0.0060

1.62

10/36

0.0110

1.00

0.0063

1.59

11/36

0.0107

1.00

0.0063

1.64

12/36

0.0107

1.00

0.0061

1.65

13/36

0.0104

1.00

0.0062

1.99

14/36

0.0099

1.00

0.0060

2.07

36/36

0.0237

0.99

0.0126

3.52

T,Z3CO2,Z1VOC
F8

MTSP,DSPSP1,DSPSP2,RH,SR,E,OAT,Z3CO2,Z1VOC, Z2VOC

F9

MTSP,DSPSP1,DSPSP2,RH,SR,E,OAT,Z3CO2,Z1VOC, Z2VOC,Z3VOC

F10

MTSP,DSPSP1,DSPSP2,RH,SR,E,OAT,Z3CO2,Z1VOC, Z2VOC,Z3VOC,OVOC

F11

MTSP,DSPSP1,DSPSP2,RH,SR,E,OAT,Z3CO2,Z1VOC, Z2VOC,Z3VOC,OVOC,CHWDP

F12

MTSP,DSPSP1,DSPSP2,RH,SR,E,OAT,Z3CO2,Z1VOC,
Z2VOC,Z3VOC,OVOC,CHWDP,EC

F13

All

A number of features e.g., DP, Dta, QFE, S, Z1CO2, Z2CO2, OCO2, D1, D2, D3, D4, D5, D6,
CHWValve1, CHWValve2, CHWValve3, CHWValve4, TL, RAT, CHWVF, CHWV, FS have
been found to be redundant or irrelevant features to define the model for indoor humidity.
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Table B4: Sequential Feature Selection Process for Indoor CO2
Name of

Feature selection

Number

the trained

of

model

features

RMSE

R-

MAE

Squared

Training
time
(sec)

F1

MTSP,DSPSP1,DSPSP2

3/36

0.2218

0.64

0.1241

2.11

F2

MTSP,DSPSP1,DSPSP2,OCO2

4/36

0.1820

0.76

0.0977

2.16

F3

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2

5/36

0.0573

0.98

0.0282

2.10

F4

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2, Z3CO2

6/36

0.0445

0.99

0.0198

2.11

F5

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,

7/36

0.0270

0.99

0.0096

2.17

8/36

0.0266

0.99

0.0093

2.17

9/36

0.0177

1.00

0.0060

2.23

10/36

0.0167

1.00

0.0061

2.30

11/36

0.0156

1.00

0.0059

2.52

12/36

0.0154

1.00

0.0059

2.62

36/36

0.0315

0.99

0.0177

4.69

Z3CO2,Z1VOC
F6

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,
Z3CO2,Z1VOC,Z2VOC

F7

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,
Z3CO2,Z1VOC,Z2VOC,QFE

F8

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,
Z3CO2,Z1VOC,Z2VOC,QFE,OA-T

F9

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,
Z3CO2,Z1VOC,Z2VOC,QFE,OA-T,RAH

F10

MTSP,DSPSP1,DSPSP2, OCO2,Z2CO2,
Z3CO2,Z1VOC,Z2VOC,QFE,OA-T,RAH,EC

F11

All

A number of features e.g., DP, Dta, RH, S, SR, Z3VOC, OVOC, D1, D2, D3, D4, D5, D6,
CHWValve1, CHWValve2, CHWValve3, CHWValve4, TL, RAT, CHWVF, CHWV,
CHWDP, FS, have been found to be redundant or irrelevant features to define the model for
indoor CO2.
Table B5: Sequential Feature Selection Process for Indoor VOC
Name of

Feature selection

Number

the trained

of

model

features

RMSE

R-

MAE

Squared

Training
time
(sec)

F1

MTSP, DSPSP1, DSPSP2

3/36

0.1584

0.79

0.0949

2.78

F2

MTSP, DSPSP1,DSPSP2,DP

4/36

0.0687

0.96

0.0299

2.72

F3

MTSP,DSPSP1,DSPSP2,DP,QFE

5/36

0.0276

0.99

0.0171

2.75

F4

MTSP,DSPSP1,DSPSP2,DP,QFE,RH

6/36

0.0271

0.99

0.0162

2.73

F5

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR

7/36

0.0256

0.99

0.0156

2.79
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F6

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T

8/36

0.0254

0.99

0.0148

2.77

F7

MTSP, DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1-CO2

9/36

0.0198

1.00

0.0120

2.78

F8

MTSP, DSPSP1, DSPSP2,DP,QFE,RH,SR,OA-T,Z1-

10/36

0.0196

1.00

0.0110

2.78

11/36

0.0172

1.00

0.0097

2.83

12/36

0.0161

1.00

0.0090

2.82

13/36

0.0153

1.00

0.0087

2.83

14/36

0.0146

1.00

0.0083

2.94

15/36

0.0144

1.00

0.0082

2.99

16/36

0.0143

1.00

0.0082

3.07

36/36

0.0322

0.99

0.0205

5.00

CO2,Z3CO2
F9

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC

F10

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC,Z3VOC

F11

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC,Z3VOC,OVOC

F12

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC,Z3VOC,OVOC,RAH

F13

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC,Z3VOC,OVOC,RAH,E

F14

MTSP,DSPSP1,DSPSP2,DP,QFE,RH,SR,OA-T,Z1CO2,Z3CO2,Z2VOC,Z3VOC,OVOC,RAH,E,EC

F15

All

A number of features e.g., Dta, S, Z2CO2, OCO2, D1, D2, D3, D4, D5, D6, CHWValve1,
CHWValve2, CHWValve3, CHWValve4, TL, RAT, CHWVF, CHWV, CHWDP, FS have
been found to be redundant or irrelevant features to define the model for indoor VOC.
Appendix C
See Fig. C1, Fig. C2, Fig. C3, Fig. C4, Fig. C5.

Fig.C1: Best validation performance for trained network of Energy Consumption predictive
model
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Fig.C2: Best validation performance for trained network of Indoor Temperature predictive
model

Fig.C3: Best validation performance for trained network of Indoor Humidity predictive
model

Fig.C4: Best validation performance for trained network of Indoor CO2 predictive model
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Fig.C5: Best validation performance for trained network of Indoor VOC predictive model
Appendix D

Fig. D1: The iteration curve for the optimization problem
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Chapter 7
Discussions, Conclusions and Future Directions

7.1.

General Discussion

Heating, Ventilation, and Air Conditioning (HVAC) systems are responsible for a substantial
share of the energy consumed in commercial buildings. Energy used by HVAC systems has
increased over the years due to its broader application in response to the growing demand for
better thermal comfort within the built environment. While existing case studies demonstrate
the energy saving potential of efficient HVAC operation, there is a lack of studies quantifying
energy savings from optimal operation of HVAC systems when considering indoor
environmental conditions.
The concept of maintaining indoor environmental conditions poses new challenges to the
optimal operation of HVAC systems. While the primary objective of ensuring optimal
operation is to minimize energy consumption, controlling the indoor environmental
parameters, e.g., temperature, humidity, the level of carbon dioxide (CO2), and volatile organic
compounds (VOCs) to remain within an acceptable range imposes excess energy use. To tackle
this challenge a state-of-the-art modelling and optimization technique needs to be implemented
within the HVAC systems in the context of real case scenarios. From the extensive literature
survey presented in other sections it is clear that there is a lack of widespread studies on the
performance of a typical variable-air-volume air handling unit system under different operating
conditions. Also, there is a need for an integrated control strategy of the HVAC systems which
optimizes energy consumption through closely monitoring and controlling the indoor
environmental parameters in accordance with relevant standards. To address the stated research
gaps this study has focussed on five objectives as stated in Section 1.3 of Chapter 1.
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To address the 1st objective this study critically reviews the current modeling techniques used
in HVAC systems regarding their applicability and ease of acceptance in practice and
summarizes the strengths, weaknesses, applications and performance of these modeling
techniques. The outcome of this review has been presented in a paper and can be found in
Chapter 2. Also, the performance and outcome of some of the developed models used in real
world HVAC systems have been discussed in this paper.

From the extensive critical review, it is evident that almost every model has a major/minor
shortcoming generated from either assumptions or unmeasured disturbances or any
uncertainties in some properties. It is a challenging task to develop an accurate and effective
model for a particular HVAC system without any downside. However, if the limitations of
developed models used in HVAC systems can be identified properly and accommodated
accordingly, these models can provide better results and effectively take part in building energy
conservation in the near future. The study identified the shortcomings of physics based, datadriven and hybrid models leading to recommendations aimed at improving the performance of
the models. To address the 3rd and 5th objective of this study this paper acted as a guideline to
select the best-suited modelling technique on the way to improve the performance of the HVAC
system. Also, the suggested points specific to individual modelling techniques assisted in
further improvement of the performance of developed models presented in Chapter 4 and
Chapter 6.
To address the 2nd objective this study considered an operational building and performed a
survey of the energy management system of the building facility through a process of studying
relevant documents, reviewing the Building Management system via the Graphical User
Interface (GUI) and performing a walk through audit of the energy management facility. The
investigation provided salient information of the study building including operational strategies
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of AHUs, the current energy management control system, historical background of the energy
management facility, problems existing within the system and opportunities to improve the
performance of the HVAC system.

According to this case study, there are some control and physical issues such as difficulty in
mapping between input and output variables of the current HVAC system, large differences in
heat load in different spaces, etc. Based on the shortcomings revealed through the case study,
potential opportunities have been outlined in terms of HVAC energy efficiency and occupants’
satisfaction regarding indoor environmental conditions. For example, some of the key indoor
environmental parameters e.g. CO2 and VOC concentration can be combined with the current
HVAC control system to improve the system performance. Building indoor environmental
conditions and energy consumed by HVAC system can be predicted and subsequently used
them in the Model Predictive Control (MPC) system. Finally, the MPC system can be
integrated with the existing Proportional Integral Derivative (PID) controller for improving the
performance of the Building Automation System (BAS). The scope of this research work is
limited to integration of the identified indoor environmental parameters with the current HVAC
control system, analyse the resulting performance of the HVAC system through modelling the
system response and execute a state-of-the-art model predictive based control system through
developing the predictive models for indoor environmental parameters and HVAC energy
consumption and applying the suitable optimization technique. The subsequent objectives of
this research work have been fixed based on the stated improvement opportunities of the
studied HVAC systems.
To address the third objective, this study first concentrated on evaluating the performance of
the predictive model for indoor temperature using different training algorithms of NARX as
presented in paper 1 of Chapter 4. The decision of using NARX neural network to develop
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the model was taken based on the extensive literature survey of the modelling techniques
presented in Chapter 2 and a contextual literature survey performed before model
development.
This paper confirms that identifying the pertinent input variables and sorting them based on
their relevance to best represent the building indoor space temperature are the key steps to
determine the optimal network architecture which in turn gives good prediction accuracy. For
both building cases and for all different data-sets used in this study Lovenberg-Marquardt has
been found the best-suited training algorithm to predict the indoor space temperature in terms
of prediction accuracy, generalization capability and iteration time to train the algorithm.
Subsequently, a residual analysis technique has been applied to verify the validation result of
the model. As a future work this study suggested for evaluating the performance of the model
by varying the size of datasets and network architecture and comparing the prediction results
with relevant existing research studies. This study also recommended to develop long term
predictive model for indoor temperature for three different seasons: winter, summer and spring.
The research study presented in paper 1 of Chapter 4 has been extended in paper 2 addressing
the future directions of the 1st paper. In the 2nd paper the value of predicting the indoor
temperature accurately to control the indoor temperature set-point is established through a case
study analysis in a multi-zone commercial building. Findings from the case study show that
there is a possibility of resetting the air temperature set-point without compromising the
occupant comfort level. A state-of-the-art feature selection approach has been proposed in this
study that establishes its efficacy to determine salient and independent input parameters
without compromising prediction performance. Application of this approach can minimize the
measurement and data storing cost of variables. Further, using less numbers of input parameters
in the model reduces the computational cost and time. This study also presents a NARX-based
system identification method to predict indoor temperature. During model development efforts
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have been paid to optimize the performance of the model in terms of complexity, prediction
results and ease of application to a real system. The performance of single-zone and multi-zone
prediction models is evaluated using different combinations and sizes of training data-sets.
This study confirms that evaluating the performance of the model in the context of major
contributing aspects such as optimal input parameters and network size, optimum size of
training data, etc. offers optimized model performance. The study also considers the influence
of climatic periods on model performance and develops a separate prediction model for the
winter period. Thus, when the developed model is used for long-term prediction, it provides
good prediction performance for an extended time span compared to prevailing studies.
Additionally, the use of real data throughout the model development process confirms the
model’s applicability to a real system. Results show that the proposed model provides good
prediction performance of up to 28 days ahead.
Findings from this research show that multiple-input-multiple-output models can be developed
using less numbers of training data than multiple-input-single-output model since size of the
data notably influences multiple-input-single-output model’s data fitting capacity. Also, it is
found that optimizing the number of input parameters improves the performance of the
multiple-input-single-output and multiple-input-multiple-output models in terms of MSE
value, R value and training time. Additionally, adjusting the network size or tuning the model
has been found an effective way to improve the efficiency of the prediction model.
As a future work it is suggested to extend the study using the data for different climatic periods.
Also, it is suggested to investigate the effect of occupancy level on indoor temperature in future
studies. With a view to such further studies an indoor temperature predictive model has been
developed in Chapter 6 which is applicable for different climatic periods and to accurately
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represent the occupancy level the necessary input parameters are considered during model
development.
To address the 4th objective this research has performed a rigorous case study analysis in a real
commercial building as presented in Chapter 5. To highlight pragmatic solutions to existing
complexity within the demand control ventilation strategies of the case building this study sets
up real-time dynamic scenarios and investigates those scenarios in the context of indoor
environment where both CO2 and VOC concentrations are linked. This study confirms that
modulating the ventilation rate based on CO2 sensor data provides better control over IAQ
compared with an occupancy time schedule. To predict and monitor the indoor air CO2
concentration for the stated real time scenarios this study uses the mass balance Equation for
CO2 concentration.
This study demonstrates that integrating the CO2 mass balance equation along with CO2 sensor
data into the building management control system not only assists in reducing energy
consumption but also takes part in a healthy indoor environment. This approach enables better
control over the outdoor ventilation rate by modulating the outside air damper based on a
feedback signal from the CO2 mass balance equation combined with the real time CO2
concentration level. Realizing the importance of maintaining a healthy indoor environment this
study suggests for including the mass balance Equation for CO2 concentration into Australian
ventilation standard AS 1668.2.
Results show that implementing this proposed approach can save up to 18.5% electrical energy
from air handling units without compromising indoor air quality which may vary depending
on seasonal variations, system types and conditions, building type and locations, and current
control strategies. It is also identified from this study that indoor VOC concentration largely
follows the trend of CO2 concentration despite the fact that concentration levels are dissimilar.
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This investigation demonstrates occupants’ direct or indirect involvement to the varying
concentration levels of CO2 or VOC. However, further studies are required to explore the
influence of occupancy level on VOC concentrations.
Based on aforementioned studies four indoor environmental parameters: temperature,
humidity, CO2 and VOC have been identified that need to be closely monitored and controlled
while optimizing the energy consumption of the study building. This refers to 5th and final
objective of this research. This objective is addressed in Chapter 6. This study (paper 1)
presents a dynamic control re-setting strategy of temperature set-point with a view to improving
occupants’ comfort level while simultaneously minimizing energy consumption. To determine
optimum changing temperature set-points in response to ambient conditions this study
investigates the thermal comfort conditions of a commercial building based on real time series
data. In chapter 3 the study building’s indoor environmental conditions for individual zone are
analysed for winter season. In this chapter this analysis has been performed for summer season
which validates the survey results found earlier. In regards to this investigation the study
narrows down the comfort range in the context of seasonal variations and proposes tuning the
Master Temperature Set-Points (MTSP) with 4.80C variable linear band between upper and
lower temperatures. This re-setting strategy of temperature set-point provides extended lower
boundary limit for variable linear band.
Extension of the linear band for MTSP reduces the gap between the temperature set-point and
the outdoor temperature which, in turn, provides less heating and cooling energy consumption.
Results show that implementation of this proposed approach would lead to 0.02-3.30 kW and
0.07-16.40 kW decrease in heating and cooling load. Consequently, on an average monthly
2707.94 kWh energy could be saved either from heating or cooling or both during winter and
summer season which is equivalent to 9.4% energy saving.
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The 5th objective of this research is more widely addressed in paper 2 of Chapter 6. A stateof-the-art modelling and optimization approach have been proposed in this study to minimize
electrical energy consumption of the HVAC systems without compromising indoor
environmental conditions. While the primary objective of ensuring optimal operation of HVAC
systems is to minimize energy consumption, controlling the indoor environmental parameters,
e.g., temperature, humidity, the level of carbon dioxide (CO2), and volatile organic compound
(VOC) to remain within the acceptable range impose excess energy use. These two conflicting
objectives constitute a multi-variable constrained optimization problem. To solve this problem
indoor environmental condition of the case building is modelled through developing individual
predictive models for the identified indoor environmental parameters integrating HVAC
energy consumption model. The proposed predictive models are then optimized using particle
swarm algorithm (PSO) to provide an optimal control setting for supply air temperature setpoint and duct static pressure set-point of the air handling unit resulting in energy savings.
Results show that it is possible to minimize 7.8% energy consumption from HVAC system
without compromising indoor environmental conditions. This study demonstrates that the
proposed optimal control settings maintains the indoor environment within the acceptable limit
of thermal comfort conditions and air quality.
7.2.

Conclusion

Considering the scope and limitations mentioned in Chapter 2, 3, 4, 5, and 6 the following
conclusions can be drawn from this research work:
•

A complete guideline is proposed by this study in selecting the most suitable modeling
technique for the HVAC applications dependent on the objective of the research study
or available facility.
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•

The strengths, weaknesses, applications and performance of the existing modeling
techniques used in HVAC systems are identified.

•

A framework for performing a case study on a real building in terms of operational
strategies of AHUs, current energy management control system, historical background
of the energy management facility, problems existing within the system and
opportunities to improve the performance of HVAC system has been proposed.

•

This research indicates that identifying the relevant input variables and sorting them
based on the relevance to represent the building indoor space temperature are the key
steps to determine the optimal network architecture which in turn gives good prediction
accuracy.

•

A state-of-the-art feature selection approach has been proposed for HVAC applications
that establishes its efficacy to determine salient and independent input parameters
without compromising prediction performance. Application of this approach can
minimize the measurement and data storing cost of variables. Further, using less
numbers of input parameters in the model reduces the computational cost and time.

•

This research confirms that evaluating the performance of the predictive models in the
context of major contributing aspects such as optimal input parameters and network
size, optimum size of training data, etc. offers optimized model performance. This
research provides insight into the aspects that affect the performance of predictive
models for indoor temperature.

•

The need to better account for building-occupant interactions as an important step to
maintain a healthy indoor environment has been recognized through evaluating a realworld demand control (DCV) system. This research shows that modulating the
ventilation rate based on CO2 sensor data provides better control over IAQ compared
with an occupancy time schedule.
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•

Integrating the CO2 mass balance equation along with CO2 sensor data into the building
management control system not only assists in reducing energy consumption but also
takes part in maintaining a healthy indoor environment.

•

Based on a methodical analysis in the context of real time scenarios this research has
identified four indoor environmental parameters: temperature, humidity, CO2 and VOC
that need to be closely monitored and controlled while optimizing the energy
consumption of the study building.

•

A dynamic control re-setting strategy of temperature set-point has been proposed that
improves occupants’ comfort level while simultaneously minimizes heating and
cooling energy consumption.

•

A state-of-the-art modelling and optimization approach has been proposed to minimize
electrical energy consumption of the HVAC systems without compromising indoor
environmental conditions. This proposed approach presents a new outlook within the
HVAC control system through eliminating the unseen interface between thermal
comfort and IAQ.

•

The unexploited potential to simultaneously improve the performance of HVAC
systems and indoor environmental conditions drives the discussion on reconsidering
the set-point configuration standards of HVAC in commercial buildings, either as part
of individual building retrofit planning or as part of building regulatory applications.

7.3.

Future Research Direction

This section outlines future research opportunities that can be accomplished in the line of the
research presented.
•

This research shows that climatological conditions of the local environment
significantly impact indoor environmental conditions and energy saving potentials. The
principles and methods used in this research are both scalable and extensible and not
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just applicable to the Perth WA region or the specific case study AHU/VAV system
leading to opportunities to apply them in different regions and systems.
•

This study reveals that indoor VOC concentration largely follows the trend of CO2
concentration despite the fact that concentration levels are not same. And further studies
are recommended to explore the influence of occupancy level on VOC concentrations.

•

This research shows that significant amounts of heating and cooling energy can be
saved through applying the proposed tuning approach of indoor temperature set-point.
However, it is recommended to investigate in future if the optimum set-points as
anticipated maintains the zone temperatures within the thermal comfort zone.

•

The proposed state-of-the-art modelling and optimization approach to minimize
electrical energy consumption of the HVAC systems without compromising indoor
environmental conditions can be verified in future using different seasonal datasets not
considered in this research.

•

Another direction for further research involves implementation of optimal control
settings for the supply air temperature and duct static pressure set-points of the air
handling unit in a study system and comparing the actual conditions with the simulated
results in terms of energy consumption and indoor environmental conditions.
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