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Abstract — Works on the optimization of heating, ventilation and air-conditioning (HVAC) systems have been done
extensively because of its high amount of building electrical energy usage. This paper provides a review on the
optimizations works of HVAC systems based on three main approaches — HVAC operational parameters
optimization, HVAC controller parameters optimization and building design parameters optimization. For the
system’s operational parameters, the optimization is based on the HVAC’s conventional and predictive energy
consumption models which is clear the predictive HVAC system models can get better response to reduce energy
consumption compare to conventional energy consumption model. In most works, the thermal comfort model, either
indicated by the indoor air quality (IAQ) or the predicted mean vote (PMV) was included. It is be noticed that
between IAQ comfort index and PMV comfort index the PMV had a better response that can get 46% reduce the
energy consumption. In addition, in the HVA C’s controller optimization approach, its objective is to improve the
output response of the HVAC system in order to avoid unnecessary energy usage by optimizing the controller
parameters that employ controllers such as Fuzzy Logic, Neural Network and Proportional -Integral-Derivative (PID)
controllers. It is clear that among the different controller optimizations mentioned above the fuzzy logic tuning
optimization has a better response to reduction of energy consumption rather than other controller optimization
approach. Meanwhile, the optimization of building design parameters approach is done before the construction of the
buildings so as to reduce the energy consumption, where factors such as HVAC system type, construction material
type and window dimensions are determined through the optimization process. This paper reviews the works based
on the three approaches of HVAC system optimizations with the objective of reducing energy usage without
sacrificing the comfort of occupants inside the building that is recommended to use predictive HVAC system
approaches with fuzzy logic controller. Moreover, comparing different tools for building parameter and design
optimization including SEDICAE, EXRETopt and EneryPlus, the EXRETopt by using PMV comfort index makes to
62% reduction of energy consumption.

Keywords — energy consumption, HVAC optimization, thermal comfort.

1. INTRODUCTION total building energy consumption [1]-[4]. This system
is essential in providing a comfortable temperature for
building occupants regardless of the outdoor
temperature. For HVAC systems, the coefficient of
performance (COP) has been used as an indicator to
assess its energy performance [5]-[7]. COP is the ratio

between the produced cooling/heating energy and

Heating, ventilation and air-conditioning (HVAC)
systems are widely used in buildings all over the world
and are generally responsible for the highest amount of
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electrical energy input. Higher COP leads to a lower
energy consumption and higher system efficiency, as
shown in [8]. Based on Carnot's Theorem [5], for a
cooling system, the COP of a HVAC systemdepends on
the difference between the cold (indoor) temperature and
hot (outdoor) temperature. In cooling process, the
objective of HVAC is to not increase the indoor
temperature. In order to increase the COP value for
lower energy consumption, the indoor temperature can
be increased to be closer to the outdoor temperature such
that comfortable environment is provided without
consuming too much electrical energy.

In this paper, only works that involve indoor
thermal comfort are considered as this type of comfort is
related to the effects of the use of HVAC systems in
buildings. Thermal comfort levels of occupants inside a
building can be measured using indicators such as the
predicted mean vote (PMV) or indoor air quality (IAQ).
PMYV was introduced by Fanger [9], and since it is used
in the ISO 7730 Standard [10], it has been widely
adopted in many works on optimization of comfort
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levels produced by HVAC systems [11-13]. PMV is an
indexthat predicts the mean value of the votes of a large
group of people on a 7-point thermal sensation scale
ranging from ‘-3’ (representing ‘cold’ sensation) to ‘+3’
(representing ‘hot’ sensation). Scale ‘0’ represent a
neutral thermal sensation and the recommended PMV
range is between -0.5 and +0.5. The PMV value inside a
building is determined based on the air temperature
(Tair), mean radiant temperature (Tmrt), activity or
metabolism rate (M), air velocity (va), relative air
humidity (RH) and clothing insulation (Iclo). In order to
obtain a good PMV value, several combinations of these
six parameters can be manipulated. However, the
combination must not only able to provide a good PMYV,
but also able to do so without consuming too much
electrical energy.

Another way of measuring the comfort inside a
building is by measuring the indoor air quality (IAQ),
which directly affects comfort, health and productivity
of the occupants [14]. IAQ extends the thermal comfort
indication by focusing on the contamination level of the
air in a building. IAQ may be affected by factors such as
temperature, humidity, carbon dioxide (CO2) level,
airflow rate and pressure. IAQ of a building should
follow the standards set by the American Society of
Heating, Refrigerating and Air-Conditioning Engineers
(ASHRAE) in ASHRAE Standard 62.1 [15]. However,
obtaining a good IAQ may results in excessive cost and
so most building developers, owners and architects
rarely take IAQ into consideration in their works.

For reducing building energy usage and providing
good thermal comfort simultaneously, HVAC system
operation needs to be optimized. This can be done using
the single-objective optimization or the multi-objective
optimization. In the single-objective optimization, the
optimization algorithm focuses on minimizing electrical
energy consumption but a minimum comfort level that
must be met is imposed so as to avoid discomfort to the
occupant. On the other hand, in the multi-objective
optimization, the optimization algorithm finds a correct
balance  between minimizing electrical energy
consumption and maximizing comfort level experienced
by the occupants.

The aim of this paper is to provide a
comprehensive review on various HVAC system
optimization approaches that are used to obtain a good
balance between building electrical energy consumption
and thermal comfort to the occupants from classic
conventional techniques to the more recent and
advanced techniques. In particular, three broad
optimization approaches are discussed in this paper.
They are the manipulation of HVAC system’s energy
consumption models [16]-[21] and the predictive models
[22]-[29], its controller parameters [30]-[39] and the
building design parameters [40]-[42]. It also describes
the advantages and limitations of every approach and
recommends the suitable scenarios that are suitable for
each of them.
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2. METHODOLOGY

In this section the methodology of the paper is consist of

different approaches as following:

I.  Operational parameters optimization approach
including using conventional energy consumption
model and predictive HVAC system models to
reduction of energy consumption.

Il.  Controller optimization approach including reduce
tracking error, fuzzy logic tuning optimization,
PID tuning optimization and neural network
optimization to improve the response of HVAC
system outputs in order to avoid unnecessary
energy waste.

Ill.  Building parameter and design  optimization
approaches to determine a low energy building
designs in terms of the type of HVAC system,
construction material, and etc.

3. OPTIMIZATION METHODS IN HVAC
SYSTEMS

Optimization works related to HVAC systems have been
done mainly with the objective of reducing the energy
consumption of the system while maintaining
comfortable indoor environment. The optimization of
HVAC system operations had moved from the basic
based-on-system model optimization to control system
optimization and then to building design optimization.
HVA C’s operational parameter optimizations are done
based on the system model in order to find suitable
parameter settings for low energy consumption
operation. Meanwhile, optimizations based on the
control system design of HVAC systems have the
purpose of improving the system response to avoid
unnecessary energy usage. The building design
optimizations aims to find suitable building parameters
and designs that will enable efficient use of energy for
the HVAC system.

3.1 HVAC Operational Parameters Optimization

To obtain good indoor environment without causing
HVAC systems to consume high amount of electrical
energy, suitable operational parameter settings can be
determined by optimizing the parameters of the HVAC
system models. Most HVAC system models represent
the relationship between various operational parameters
and its output parameters, such as energy consumption,
temperature and humidity. The optimization of these
operational parameters can be based on the conventional
energy consumption models [16]-[21] or the predictive
energy consumption models [23], [28]-[34], as exp lained
in the following sections.

3.1.1 Operational parameters optimization based
on the conventional energy consumption
models

This method is one of the simplest ways to optimize the
operational parameters of an HVAC system. It is based
on the model that relates the operational parameters such
as the air temperature, airflow rate and air static pressure
with the energy consumption of the system. The energy
consumption of an HVAC system (Essen) IS
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conventionally defined as the total power usage from its
components, such as the chiller (Egpiye,), fan (Ezqn),
pump (E,,myp ) and the cooling tower (Ecy4ing tower )» 8S
shown in Equation 1 [16]-[19]. There are many
parameters that affect the amount of energy used by
these components and several are used as the
optimization variables. For example, E_; ;. is affected
by the coil temperature and position, while Eg,, is
affected by the air supply and return speed. In some
works such as in [16] and [17], two operational
parameters were considered in minimizing the energy
consumption of the HVAC system. In [16], the
temperature of the chilled water supply (Tggws) and the
supply airflow rate (mg,) were used as the optimization
variables, whereas in [17], the supply air temperature set
point and the air static set point were used.

Esystem = Echilter + Efan + Epump + Ecooling tower (1)

There are also works that include more operational
parameters to be optimized. For example, in [18], the
optimization variables were the cooling water
temperature (T, ), the chilled water temperature from
primary chiller ( Tepw prm ), the chilled  water
temperature from secondary chiller (T;yy ) and the
supply air temperature (T, ). Meanwhile, in [19], the
optimized operational parameters included the two zone
temperatures (7,4, T,,), the humidity ratios in the zones
(W,1,W,,) , the discharge-air temperature (T,), the
temperature of chilled water (T,), the outdoor airflow
rates (my, ), the supply airflow rates and the static
pressure in the duct system ( P ). The optimized
operational parameters were then sent to the local
control loops such as the fan speed control loop to
obtain optimized HVAC performances.

By minimizing the energy consumption of the
HVAC system, the optimized operational parameter
values can be obtained and can result in an energy-
saving operation. Energy savings resulted from the
optimization approaches in [16], [17], [18], and [19]
were reported to be up to 10%, 7.66%, 11.82% and 20%
respectively when compared to the non-optimized, fixed
setting operation method.

In some works, the objective of reducing HVA C’s
energy usage is achieved by minimizing the total exergy
loss of the system [20], [21]. In thermodynamics,
‘exergy’ is the energy that is available to be used. High
exergy loss indicates low efficiency HVAC system,
while low exergy loss indicates a highly efficient
system. Total exergy loss (ELs,,) is defined by Equation
2, which is the sum of energy loss from the cooling
tower water flow (ELc,o1ing tower), ENEIGY CONsUMption
of the subsystem’s cooling tower (E;ooiing tower)s the
chillers (E,puuers ), the air handling units (E,4,) and the
outflow exergy of the air handling units (Ejys oue)- It
can be seen thatby reducing the energy consumptions of
the chiller, fan, pump and cooling tower (as in Equation
1), total exergy loss can be reduced too.

ELsys = ELcooling tower + Ecooling tower (2)
+ Echillers + EAHUs + EAHUs,out

In the approach given by [20], some of the
optimized parameters were the supply cooling water
temperature setpoints (Tey o), the supply chilled water
temperature ( Tyr 5y ), and the outdoor air flow rate
(mo4)- Meanwhile, the work in [21] optimizes only the
cooling rate (Q,4:.) Setting to reduce the exergy loss. By
determining the optimized parameters, the methods
proposed in [20] and [21] were able to achieve up to
12% and 9.2% reduction of the HVAC system energy
consumption, respectively, when compared to a non-
optimized technique. In [22], particle swarm
optimization and harmony search algorithms have been
used to simultaneously minimize HVAC energy
consumption and room temperature ramp rate. The
proposed method used similar conventional energy
model and results in 15% energy saving which is
considerably high because it includes the building
thermal dynamics. This shows that, in modeling the
energy consumption model of HVAC system for energy
saving improvement, not only it can be done based on
the HVAC systemiitself, it can also be done based on the
building temperature dynamics and achieving a
considerably high energy saving improvement.

Table 1 shows the summary of works on the
operational parameters optimization based on the
conventionalenergy consumption model.

3.1.2 Operational parameters optimization based
on the predictive energy consumption
models

To make HVAC systems more energy-efficient while
providing comfort, the model predictive control has
been introduced. This type of model is much simpler
and easier to be applied on real-time applications
compared to other models such as the dynamic model
and the physical-based models [23]. Unlike the
conventional models, the predictive models of HVAC
systems are not restricted only to the energy models, but
also for other system outputs such as temperature,
humidity, CO. concentration level and even occupancy
levels [23]. Because of these advantages, predictive
models have been used in many optimization works on
HVA C system operation in recent years [24]-[26], [27].
In [31] and [32], the prediction of the desired output (y)
was made based on the current and/or previous values of
the controlled parameters (x) and the uncontrolled
parameters (v) given in Equation 3 is the time interval,
x4 1S the supply air static pressure setpoint and x, is the
supply air temperature setpoint. v, to v, refer to mixed
air temperature, chilled water temperature, outside air
temperature, air humidity, supply air fan speed and
return air fan speed, respectively. The controlled
parameters to be optimized can be the supply air
temperature set point [23]-[32], the supply air static
pressure set point [23]-[32] and the air and mean radiant
temperature of the space which affected by the building
thermal dynamics [33], [34].
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Table 1. Summary of optimization works based on the conventional energy consumption model.

Reference Optimized Parameters

Energy Saving Improvement®

[16] i.
ii. supplyair flow rate (mg,)

[17] i. supply air temperature set point
ii. air static setpoint

[18] i. cooling water temperature (T, )

temperature of the chilled water supply (Teyws)

10.00%

7.66%

11.82%

ii.  chilled water temperature from primary chiller (Teyy rm)

supply air temperature (Ty,).

[19] i. twozone temperatures (T,,,T,,)

chilled water temperature from secondary chiller (Teyy sec)

20%

ii. humidity ratios in the zones (W,,, W,,)

discharge-air temperature (T,)
temperature of chilled water (T,)
outdoorairflow rates (m,,)

supply airflow rates

static pressure in the duct system(P)
[20] i.

supply cooling water temperature setpoints (Tey y:)

12.00%

ii.  supplychilled water temperature (T¢p oy, )

outdoorair flow rate (m,,)

cooling rate (Q,4:) Setting
temperature ramp rate

[21] .
[22] .

9.20%
15%

yt+d)=fy®),x,®),x, ), v,®),v,(t
—d),v,(t),v,(t
—d),v;(®),v,(®),vs(t), vs ()

Works based on the single-objective optimization,
such as in [34], used only the predictive energy model as
the objective function to find the optimized values of the
two operational parameters x,and x,, and was able to
reduce the energy consumption of the HVAC system by
about 17.24%.

In the multiple-objective  HVAC  system
optimization works, several predictive models were used
as the objective functions for reducing energy
consumption without violating the indoor air quality
(IAQ). As IAQ affects the health and the human body
development, any energy saving efforts must not affect
IAQ in a negative manner [35]. In [23], the predictive
energy consumption model along with the air
temperature, air humidity and CO2 concentration were
used as the objective functions to determine the
optimized parameter setting for x,and x,. One multi-
objective optimization approach involved combining all
the objective values into a single simple function to be
minimized by the optimizer such as that given in
Equation 4, where the values of four objectives y,, y,,
y;, and y, correspond to total energy (in kJ), vio lation of
temperature (in °F), violation of humidity (in %) and
violation of CO2 concentration (in ppm). The violation
of parameters are usually caused by the lack of
knowledge to set the HVAC system to satisfy the
thermal dynamics of the building. Their minimum and
maximum values were utilized, along with the weight

www.rericjournal.ait.ac.th

associated with each of the objectives (w,, w,, w;, and
w,) to simplify the problem formulation. w,, w,, ws,
and w, are the weights associated with y,, y,, y;,and y,
respectively. The value of the weight of each objective
was based on certain priorities or biases set by the user
with w; +w, +w; +w, = 1. In [23], it has been
reported that by using this method, about 12.4% of
energy  consumption can be reduced without
significantly violating the IAQ constraints. Table 2
shows some of the effects of the weight values on the
energy consumption and the level of violation on IAQ
parameters resulted from the optimization works. The
higher the weight value, the lower the violation
becomes. It can also be seen that omitting IAQ in the
objectives weight reduces the amount of energy
consumption but results in a major violation of IAQ
levels. By including the 1AQ violations as optimization
objective, the systemis able to satisfy the comfort needs

in the building without causing high energy
consumption.
obj = w, Y1 = YMmin +w, Y2 = Y2min @)
Tmax ~ Y min Y2 max = Y2 min
+w, Y3 — W3 min
Y3 max = V3 min
+w, Ya = Yamin

Yamax = Yamin
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Table 2. Violation of IAQ based on weightvalues [20].

Objectives weight Objectives
wq W, W3 Wy N Y2 Y3 Va
Total energy Violation of Violation of Violation of CO>
(kJ) temperature (°F) humidity (%) concentration(ppm)
1 0 0 0 25449.47 +0.62 -5.26 -19.28
05 05 0 0 26053.00 +0.51 -6.16 -30.11
05 0 0.5 0 26822.61 +0.60 -0.54 +1.45
0.5 0 0 0.5 25865.57 +0.62 -3.61 0
The HVAC optimization works based on the  where,
manipulation of its operational parameters in [30], [31] _ _ _ _3
were similar to that in [23]. However, instead of using L=(M~-W)-305.107.(5733 ©)
four, only three objective functions were used, where the -6.99.(M —W) —p,)
CQz _concenFra_tlon_ was not _mcluded. The_z mu Iti- —0.42.((M — W) - 58.15)
objective optimization formulation was also similar to
Equation 4. The works showed up to 13.4% energy -1.7.107%.M .(5867 — p,)
reductic_)n potential without much violatior_1 on the IA_Q —0.0014. M. (34 — T,;,)
constraints. Another work using a similar multi-
objective formulation has been done in [28] where only -3.96.107%. £,. (T, + 273)*
the predictive models of energy and temperature were — (T, +273))
used, and the energy consumption of the HVAC system
was reduced by 18.5%. From the results of these works, — fa-he (Ty = Tair)
it can be seen that as more objectives were included in
the optimization problem formulation, the energy saving
potentials were reduced due to the need to compromise
energy consumption with the IAQ requirements.
In [33]-[34], the comfort index, PMV, defined by
Equations 5 to 11 and Table 3, has been used instead of
’ X t,; =357-0.028.(M — W 7
the 1AQ. It can be seen how the air temperature (Tair), t ¢ ) @
mean radiant temperature (Tmrt), activity or metabolism —1,.(3.96.1078. £,. (T,
rate (M), air velocity (va), relative air humidity (RH) and 4 4
clothing insulation (lcio) determine the PMV value. Not +273) (Tonre +273)%)
all six PMV parameters can be controlled, so in + fu-he. (T, - Tal-r))
optimization works only some of the six parameters are
used as variable parameters. Parameters such as clothing
types of the occupants, humidity and air speed in a
building cannot simply be controlled but it can be set to
a certain normalized or average value depending to the ( 2.38.1T,, — Ty, %% if ®)
types_ of bu_lldlng ar_1d actl\{lty. As an examp Ie,.an office 2.38.1T,, — T, 1°%5 > 12.1. m
building will be filled with occupants wearing smart h, :4 ]
casual attire while a restaurant building may be filled | 12.1. Jvar if
with occupants wearing thinner clothes. In [33]-[34], the | 2.38. T, — Ty 9% < 12.1. /v,

optimization objective in these works was to minimize
the violation of PMV in the building while reducing its
energy consumption. The operating parameters that need
to be optimized and controlled were the supply water
temperature (T, ), the air temperature (T,; ) and the
mean radiant temperature (T,,. ). This approach was
able to reduce the HVAC system energy consumption
by up to 10% while maintaining occupants’ comfort. In
the recent energy-comfort optimization based on the
PMYV model, the works in [36] and [37] managed to take
the energy saving potential even higher respectively up
to 46% and 33%.

PMV = (0.303 .exp(—0.036 . M) + 0.028) . L 5)

B {1.00 +1.290.1, if 1., <0.078 o
Jet =11.05 + 0.645 Ay if 1> 0.078 ©)
b P,RH
a — 100 (10)
€ 2 3
Bo= o+ Cot CT+ CuT? 4 CsT° + CoInT (11)
where,

C, = —5.8002206 E + 03
C, = 1.3914493 E + 00
C; = —4.8640239 E — 02
C,= 4.1764768 E — 05
Cs = —1.4452093 E — 08
Co = 6.5459673 E + 00
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Optimization of the HVAC systems by using only
conventional energy model may be able to reduce a
considerable amount of energy, but for a more efficient
operation, more models need to be included as the
objective functions. Due to this, this basic method is still
used until now and improved to more advanced
versions. The use of IAQ and PMV in optimizing the
HVAC system operation enables low energy

Table 3. PMV parameters and sub parameters.

Selamat H., et al. / International Energy Journal 20 (2020) 345 — 358

consumption while maintaining the thermal comfort
level in a building. While predictive models are used in
most multi-objective optimization work of HVAC
systems, this approach requires identification of the
system model via system identification approach, which
may take a significant amount of time especially if the
models need to be very accurate [29]-[32].

Symbol Quantity Typical values Units Description
M Metabolic rate 46-232 W/m? 1 met = 58.333 W/m?
w Effective mechanical power >0 W/im? 0 W/m? if not assisted by
mechanical power
Iy Clothing insulation 0-0.31 m*KIW 1 clo =0.155K/W
fa Clothing surface area factor 01 - -
Toir Air temperature 10-30 T
Tonre Mean radiant temperature 10-40 T
Var Relative air velocity 0-1 m's -
RH Relative air humidity >20 % -
P, Water vapor partial pressure 0-2700 Pa -
h, Conv_et_:tive heat transfer 0-12.1 W/(m?K) -
coefficient
T, Clothing surface temperature 10-30 T -
30
2 |
<L I REN
08 ; ] EEEmmER
T 10
0 5 10 15 20 25 30 35
Time (hr)
| Set-point —— SA |

Fig. 1. Difference between the setpoint temperature and the SA temperature [42].

3.2 HVAC Controller Optimization

In ensuring good system performance, it is important
that the control system of the HVAC system to be
effective so as to improve the dynamic performance of
the system [38], [39]. Apart from the time taken for the
supply air temperature to reach the desired temperature
set point, the overshoot of the supply air temperature is
also an important parameter in its dynamic performance
since having high overshoot of the cooling temperature
will lead to electrical energy wastage [40], [41]. The
overshoot of the supply air temperature can be reduced
by improving the tracking error of the system response
as highlighted in [42], [43], where real-time
optimization techniques have been used in minimizing
the tracking error of the chilled water supply
temperature, the condenser water return temperature and
the supply air temperature. This work was able to reduce
tracking errors by more than 26% and the energy
consumption of the HVAC system has been reduced by
10%. However, the main problem was the high tracking

www.rericjournal.ait.ac.th

error occurrences when the value of one of the
temperatures changed to a new setpoint value. Figure 1
shows that there is a small error between the supply air
(SA) temperature and the setpoint temperature every
time the setpoint temperature changed to a new value.

In [44], genetic algorithm (GA) has been used to
optimally tune the fuzzy control rules and membership
functions in controlling the set point temperature with
the objective of minimizing energy consumption while
providing PMV values that are within the comfortable
range. This method was able to reduce up to 16% and
18% energy consumption for cooling and heating
respectively when compared to the performance of a
widely used control tool EnergyPlusTM. Another work
related to fuzzy logic control optimization for a HVAC
system was described in [45]. In this work, the fuzzy
controller was set to be self-tuned using the Gauss-
Newton method for nonlinear regression models with
the inclusion of the PMV model so as to avoid
discomfort to occupants while reducing the energy
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consumption. At least 30% of electrical energy usage
has been reduced in this approach.

The most widely used control method for HVAC
systems is the Proportional-Integrate—Derivative (PID)
controller [46]-[53]. The PID controller has also been
implemented with fuzzy rules for the tuning of the
controller parameters (k_p, k_i and k _d) to obtain a
more effective HVAC systemcontrol [50], [51].

Optimal tuning of the three parameters has
improved the control of the environmental parameters

such as the temperature and humidity. Figure 2 shows
the effect of optimizing the PID controller for a room
temperature control obtained in [46]. It can be seen that
by optimizing the PID controller parameters, overshoots
have been reduced and the time taken for the room
temperature to reach the desired values have been
shortened, thus increasing the system’s energy
efficiency. In [47] the optimized PID controller was able
to reduce the energy consumption of the HVAC system
by up to 20%.

35

w
o
|

Time = 0 corresponds to 4:30 am.

o
o
g ~ o
2 25 = e S
o
g D S
P =
5 i
~ 20 -
£ e
o
© f
5 ~-7 |— Office Space Temperature, Optimized Case
oz - - Restroom Space Temperature, Optimized Case
i —— Office Space Temperature, Worst Case
f - - Restroom Space Temperature, Worst Case
10 —_— ——
0 2 4 6 8 10 12 14
Time, hr.

Fig. 2. Transient response of room temperature for optimized and worst case PID parameter values [46].

In [54], an adaptive neural network control strategy
was proposed to obtain an efficient control of the HVAC
systems via the setpoint tracking of the supply air
temperature. Simultaneous perturbation stochastic
approximation (SPSA) algorithm was embedded as the
optimizer to tune the neural network controller weights
so it can be used for various environmental conditions. It
has been shown that the neural network control strategy
was able to respond well with the change of supply air
temperature setpoint without too much time delay and
overshoot compared to the fixed parameter PID
controller. In another work on optimal neural network
controller strategy, the particle swarm optimization
(PSO) and the back-propagation (BP) algorithms were
used to tune neural network weights for better
temperature control [55]. In [56], the mean squared error
was introduced as performance function to tune neural
network weights of the HVAC heat setting predictive
model in optimizing the energy consumption and
occupants' comfort. Although no exact energy reduction
number is provided, this method was able to maintain
good comfort without affecting energy consumption.

Control of HVAC system response is very
important because weak control will lead to discomfort
to occupants inside the space and unnecessary use of
electrical energy. The implementation of better
controllers usually requires accurate mathematical
models of the HVAC system but this approach has been
proven to be very effective in reducing a considerable
amount of electrical energy consumption. The inclusion

of various optimization algorithms to find optimal
controller parameter values has shown to improve the
control system performance of the HVAC systems even
further.

3.3. HVAC Building Design Optimization

Other than directly optimizing the operational
parameters and local controllers, HVAC system energy
consumption in buildings can be reduced by planning
ahead way before the purchasing of the systemand even
before the construction of the building [57-60].
Designing a low-energy building not only requires the
efficiency of HVA C systemto be evaluated, but also the
design combinations and thermal characteristics of the
elements involved such as the wall thickness, wall
material, window width, window material and types of
window blinds used. These factors determine the energy
demands, energy consumptions and the life cycle cost of
the buildings. Energy demands can be reduced by
increasing the envelope thermal quality of a building
[61]. Buildings with better thermal environment are able
to save up to USD160 billion annually [62]. In recent
years, simulation-based optimization methods have been
introduced for designing green building. In the
optimization process, concerns such as HVAC system,
building materials and building designs are included as
factors for energy consumption [63]-[65].

An advanced version of a simulation tool called
SEDICAE was introduced in [57]. SEDICAE is an
expert system for the design of energy-efficient
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buildings, which minimizes the life cycle costs and
maximizes the energy rating of a building by
determining what type of construction materials and
HVAC system should be used [66]. The construction
materials are chosen based on the thermal properties of
the materials such as the U-values, the solar factor and
the g-value or their air-tightness. HVAC system is
chosen based on the types of demand - cooling or
heating. For the case study in [57], the original building
design proposal is optimally improved or re-designed
based on the energy rating by using the Tabu search
algorithm. The tool was able to propose a building
design with 30 years life cycle costas low as EUR5840.
An optimized building design has also been
determined in [58] by using the simulation tool, Exergy
Analysis Model for Retrofit Optimization (EXRETOpt),
introduced in [67] to minimize the building annual
energy use, occupant discomfort and building annual
exergy destructions. The optimized building design
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parameters include the types of HVAC system,
insulation type and size for wall, roof and ground,
sealing percentage of cracks, joints and hole, window
glazing level, cooling/heating set points, and lighting
system type. Figure 3 shows the impact of insulation
types and thickness to the energy use and exergy
destruction reduction. It can be seen that as the thickness
of insulation increases, the energy usage will also
increase but the exergy reduction will decrease.
Meanwhile, Figure 4 shows the effect of HVAC system
configuration to energy usage, exergy destruction and
comfort level. The figure shows that as the HVAC
configuration uses less energy with low exergy
destruction, the building will be uncomfortable for a
longer period. The method was able to find the
optimized building characteristic and types of HVAC
configuration and achieved improvements of 62.1% in
annual energy use, 57.9% of exergy destructions and up
t0 29.3% thermal comfort.
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An energy efficient building design was achieved
in [59] without compromising the occupants predicted
percentage of dissatisfaction (PPD) by using the genetic
algorithm (GA) optimization method. The PPD was
evaluated using EnergyPlusTM simulation program that
analyzed the building’s comfort level and annual energy
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consumption. There are 80 design variables considered
in this optimization work that revolved around the
window design, wall design, floor design and HVAC
schedule details with specific value constrains. A
simpler work of building design optimization for low
HVAC  system  energy consumption using
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EnergyPlusTM has also been introduced in [60], which
only optimizes the building direction, windows’ width
and the transmittance of the exterior shading device.
Hooke-Jeeves pattern search algorithm was used to
solve the single objective optimization problem. 14% of
energy consumption reduction (heating, cooling and
lighting) was achieved by [60].

4. CONCLUSIONS

This paper provides a review on optimization works
related to buildings’ HVAC systems to obtain an energy
saving operation while maintaining occupants' comfort.
The optimization works have been done on three
different areas; HVAC operational parameters
optimization, HVAC control system optimization and
building design optimization. Operational parameters
optimization is done to obtain the optimum operational
parameter settings for the HVAC system that are able to
reduce energy consumption while maintaining good
comfort inside the buildings. In this category, the
conventional energy consumption model and the
predictive HVAC system models were the two
recommended ways to reduce energy consumption. The
use of the predictive HVAC system models was able to
provide more energy consumption reduction compared
to the conventional method. It has also been highlighted
that the PMV approach has a better response than that of
the IAQ with 46% reduction in the energy consumption.
Controller optimization is done for the purpose of
improving the response of HVAC system outputs in
order to avoid unnecessary energy waste, while building
design optimization involves determining a low energy
building designs in terms of the type of HVAC system,
construction material, building direction and window
design used. Moreover, it seems that among the
different controller optimizations approaches discussed
in the paper, the fuzzy logic tuning optimization
provides the best performance in reducing energy
consumption. In conclusion, the combination of a

predictive HVAC system approach with a fuzzy logic
controller would provide the best result.

The review shows that the effort of reducing
energy consumption of HVAC system through
optimization not only can be done on the HVAC system
itself, but also on the building design and building
thermal dynamics. Operational parameters and
controller optimization approaches are effective and can
be applied on exsting buildings but require the
building’s thermal and HVAC system dynamic model,
which can be complicated. On the other hand, the
building design optimization approach is more
straightforward and can be incorporated during the
building design stage but cannot be applied when
buildings have been constructed without incurring high
renovation costs. However, it is also important to notice
that the conventional methods of optimizing HVAC
operation are still used with some advance
improvements in order to increase the effectiveness. The
operational parameters and controller optimization
approaches can provide up to 30% electrical energy
consumption reduction while maintaining occupants’
comfort compared to normal non-optimized HVAC
operations. On the other hand, the building design
parameters optimization approach alone can provide up
to 62.1% electrical energy consumption reduction
compared to buildings that are not designed for efficient
energy usage. In conclusions, various optimization
approaches have been used in obtaining optimal HVAC
energy consumption and thermal comfort levels in
buildings. Selections of building design parameters
before building constructions will have a significant
impact on the usage of HVAC electrical energy, and
when combined with optimization approaches for the
HVAC system used in the buildings via its operational
parameters and control system which can be done based
on the building thermal dynamics, further savings can be
achieved.
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Table 4. Summary of optimization approaches for HVAC systems.

Optimization Number of Comfort Energy Advantages and
Approach Method/Tool Reference Optimization Index Consumption Limita?ions
Category Objective Used Reduction

Operational Conventional [16] 1 - 10.00%

Parameters energy 0

Optimization consumption [17] ) 7.66%

model [18] - 11.82%
[19] - 20.00%
[20] - 12.00%
[21] - 9.2%
[22] - 15% .
Effective and can be
Predictive [29] 1 - 17.24% applied on existing
HVAC [23] 4 IAQ 12.4% buildings but
system requires the dynamic
models 28] 5 IAQ 18.55% mo_dells ofthe_
buildings, which can
be complicated and
[30, 31] 4 IAQ 13.4% difficult to obtain.
[33], [34] 2 PMV 10%
[36] 2 PMV 46%
[37] 2 PMV 33%
Controller Reduce [42], [43] 3 - 10%
Optimization tracking
errors
Fuzzy logic [44] 2 PMV 18%
tuning
optimization
[45] 2 PMV 30%
PID  tuning [46] 2 - 15,7%
optimization 4.8%
[47] 1 - 20%
Neural [54], [55] 1 - Not provided
network )
tuning [56] 1 - No provided
optimization

Building SEDICAE {571, [66] 2 PPD Not provided  Straightforward and

Parametgr EXRETOpt [56] 3 PMV 62.1% can.be mcorppra}ted

and Design = Al 5 PPD N ided during the building

Optimization nergyrius [59] ot provide design stage but

cannot be applied
. when buildings have
[60] 4 - Not available been constructed
14%

without incurring
high renovation
costs.

*1AQ: Indoor Air Quality; PMV: Predicted Mean Vote; PPD: Predicted Percentage of Dissatisfaction
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