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ABSTRACT

OPTIMAL CONTROL OF A REFRIGERATION CYCLE THAT USES
SMART AND ARTIFICIAL INTELLIGENCE SYSTEMS

TURGUT, Mert Sinan

PhD in MechanicaEng.
Supervier : Assoc. Prof . Dr . Mustafa Tu

March 2019, 98pages

In this thesisthe methods that improve the energy efficiency of the refrigeration cycles
have been analyzed. One of these methods is dynamic simulation analysis of a vapor
compression refrigeration cycle, and the other is optimal control of a vapor compression
refrigeration cycle with using the artificial neural networks.

In the dynamic simulation analysis, dynamic modeling of a vapor compression
refrigeration cycle has been accomplished, thereafter, two refrigerants are employed in the
cycle seperately, R134a aRd 234yf, and their cooling performances are compared with each
other.

In the optimal control with using the artificial neural networks study, dynamic modeling
of a vapor compression refrigeration cycle has been accomplished, afterwards, an artificial
neurd network has been trained with the simulation data and the optimal control of the system
has been done by utilizing the artificial neural network as the main model of the system.

Keywords: Vapor compression refrigeration cycle, dynamic system simulaifimal
control, artificial neural networks.
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1. INTRODUCTION

Nowadays HVAC systems have widespread household and industrial applicatio
play a leading role in the energy consumption of the countries. According to tr
Department of EnergyDOE), HVAC systems constituted 30% of the yearly total ens
consumption of commercial buildings in 2017, which is 5.35 quadrillion btu/year (Goet:
al., 2017). Some of the prominent goals of the researchers have been reducing the
consumptionthe HVAC systems with providing the similar amount of performance
minimizing the environmental impacts of the consumed energy. Therefore, the rese
have proposed the sustainable energy policies to turn the energy consuming systems
HVAC systems into more managable, efficient and clean systems. The energy hiers
proposed by the researchers to emphasize the priorities to move towards a more su
energy policy. The energy hierarchy is depicted in the figure below.

Switch off
Leaner Eliminate waste
Better appliances
Keener Lower energy losses
Sustainable energy
Greener production
Low carbon generation

Cleaner
Carbon capture
Meaner Sources of last resort

Offset to compensate

Figure 1.1Energy hierarchy (Renewable Energy World, 2018)

As can be seen from the Figure 1, energy saving, energy efficiency and ren
energy systems are the top priorities of the sustainable energy policy. Energy sa
switching off the unnecessary dessc or finding solutions to decrease the extra en

consumption and lowering the electricity bills. More and more countries are encouragir



citizens to save more energy to cut back extra energy consumption. For example, ¢
around the windows ith an insulation material may be a sensible solution for reducin
heat losses from the buildings. Therefore, people can use less HVAC systems to cond

building and energy can be saved.

Energy efficiency and renewable energy are put forwasdthe two pillars of the
sustainable energy policy by the researchers (Prindle et al., 2007). Energy efficien
cause serious cosffective energy savings and emission reductions. However, rene
energy draws the attention of the policymakers guiblic more compared to enert
efficiency. Energy efficiency is a key term for slowing the energy supply and carbon en
to make clean sources catch up with the @rewing energy demand. Also, unless !
renewable energy sources are utilized in larggasures, the carbon emission levels are
expected to reach favorable levels. Therefore, it can be said that energy efficien
renewable energy are the two pillars of the sustainable energy policy that requires e

teamwork together to cartiie humanity to a more clean and sustainable environment.

This thesis deals with the energy efficient analysis, optimization and control ¢
HVAC systems. For this reason, the emphasis will be on energy efficiency of the «
systems, especiallldfVAC systems, from this point forward. The researchers have m
studied on the thermodynamic analysis, optimization and control of the HVAC syste
develop more energgfficient and environmentaHlfriendly HVAC systems. Analyzing th
steadystate ad dynamical behavior of these systems is an key factor in design and cor
such systems (Turgut and Coban, 2018). For this reason, the first studies that have fol
place in the literature were mainly about the stestdfe and dynamical behavriof the
HVAC systems.

American National Standarts Bureau carried out one of the pioneer studies re(
the dynamical behavior of the HVAC systems, particularly refrigeration cycles. In
studies the researcher have investigated the sttatBand dynamical behavior of the chill
(Chi, 1979) and boiler (Chi, 1976). As a follayp study, Chi and Didion (1982) developet
software model that can dynamically simulate a heat pump called TRPUMP. The rese
included the models of the all commonts to the software in lumped parameter form

compared the results of the model with the experiments. Bonne et al. (1980) investig:



dynamic simulation of a heat pump that is driven by a electrical motor powered comj
and analyzed the systeperformance with owff control of the compressor. MacArthi
(1984) developed the dynamic model of a vapmmpression refrigeration cycle for tl
accomplishment of a closédop control task. The author has modeled the evaporator ar
condenser by uizing the finite-difference method and compressor and expansion valy
using static relationships. As a result of this study, the author has achieved the d
simulation, investigated the system stability and compared the results of the moc
experimental setup. Chen and Lin (1991) analyzed the optimal component design comt
that minimizes the energy consumption of a sreadlled refrigeration cycle. The authors hi
achieved to reduce the energy consumption of the system by 5.1% witkhisvdgoamic
simulation studies. Fu et al. (2003) studied the dynamic modelling of artha airto-water
heat transfer based heat pump. Studies in dynamic modelling of the refrigeration cyc
continuing and more and more papers, such as (Zhu 204B), are finding their place in tf

literature.

Steadystate analysis of the HVAC systems have also been long studied t
researchersHepbasli (2005)studiedthe thermodynamic analysis of a grotswlrce hea
pumputilized for district heatingThe authors have studied energetic and exergetic analy
a groundsource heat pump that is available in their institute. Bayrakci and Ozgur (
investigatedthe energetic and exergetic performance of a vapor compression refrige
system which erploys pure hydrocarbon refrigerantSour unique hydrocarbons and two nc
hydrocarbons are analyzed in the refrigeration cycle, the hydrocarbdR220eR600, R600:
and R1270 and the nothydrocarbons are R22 and R134a. Stestdje thermodynami
analyss have been performed for the each refrigerant in the cycle and the authors hav
out that R1270 resulted in the best performance in terms of COP and second law eff
Ahamed et al. (2010%tudied the steadystate thermodynamicinvestigation of a vapor
compression refrigeration cycle thamploysR600 and R600eefrigerants. As a result of th
study, the authors have concluded that exergetic efficiency of the cycle operated with R
50% higher than that of R134a. The authors have also fouintthat the cycle showed simil;
performances with R134a, R600 and R600a refrigerants. Arora and Kaushik
investigatedthe theoreticalsteadystate thermodynami@nalysis of a vapor compressi
refrigeration gcle that employsR502, R404a and R507@frigerants.The authors haw

studied the operation condition ranges of the evaporator and the condenser respective



50AC to O0AC a Aga res@itdfGhe stody, thé duiBiors have concluded the
cycle gives more favorable performanesults when it employs R507, instead of R502

R404a refrigerants.

Thermodynamic design optimization of the HVAC systems is another significant fit
study for the energgfficiency of the HVAC systems and have been studied extensively &
reseachers. HVAC thermodynamic design optimization problems are naturally nonl
highly constrained and mixed continuediscrete. The emerging metaheuristic technique
regarded as a useful alternative to the traditional methods by the researchetsdyByg«
exclusively on this topic, the authors have concluded Ewatutionary Algorithm is a mort
effective tool compared to traditional methodsich as direct search methods (Wright
Hanby, 1987)and heuristic methods, especially Genetic Algori(@A) while tackling with
HVAC design optimization problems (Wright, 1996; Fong et al., 20080g et al. (2009
investigated a centralized HVAC system and studied on minimizing the total €
consumption of the system with respect to hourly cooling [wafile of a day. The author
have modeled the optimization problem with one objective, seven design variables a
design constraints. he Robust Evolutionary Algorithm (REA)as been used to solve t
optimization problemThe results found by theBER is compared with that of the GA and it
found out that REA gives more favorable properties that results in lower total daily ¢

COI’]SUI’T’IptiOﬂ rates.

Sayyaadi and Nejatolahi (201%judiedthe multiobjective optimization of a coolin
tower assigd vapor compression refrigeration systefie authors have modeled t
optimization problem in a mulbbjective manner. The two objectives are the total cost
total irreversibility of the cycle. The authors have utilized the ruldjective Genetic
Algorithm to solve the problem. The problem is modeled with eight design variables ant
been found out that multbjective optimization results are more favorable thermodyn:
and economic properties than two singlgective optimization casedain et al. (2016)
accomplished themulti-objective design optimization of a cascaded absorptagor
compression refrigeration cycle. Theonsideredcycle employs R410a on the vag
compression side and LiB#.0 fluid pair on the absorption sid€he authordhave modelec
the optimization problem with seven design variables and the two objective functions a

irreversibility and total cost of the cycleh@& Nondominated Sorting Genetic Algorithm



(NSGA-II) is utilized for the solution of the mulabjective optimization problemAs a result
of this study, it has been found out that malljective case resulted in more favorable cy

thermodynamic and economic properties than that of swigjective cases.

Control of the HVAC systems is an emergitgd and new studies are incorporated il
the literature. Advancement of the new technologies such as microchips, data stor:
communication devices have made possible the advanced control methods to
applicable to the HVAC systems (Afram addnabiShafiri, 2014). However, tradition:
control methods such as PID and on/off are still applied to the HVAC systems due t
simplicity and ease of operation and formulation. A major downfall of the traditional cc
algorithms have been givinmconsistent performances among HVAC systems. Jain
Alleyne (2015) accomplished the formulatiam exergybased dynamic model of a vap
compression cycle. The authaesalized the linearization dhe nonlinear model around
working point and appliethe linear model predictive control (MPC) method to the sys
Comparison of the two different cases have been investigated in this study, 1
minimization of the total exergy destruction and minimizing the compressor work, thi
maximization of tle COP of the cycle over time. The authors have concluded by analyzi
simulation results that exergy destruction minimization caselted in40% morefavorable

exergetic efficiency than the compressor work minimization case.

Yin et al. (2016)reenteda uniquecascade control strategy for the vapor compres
cycles in their study. Theresentedascade control strateggymade umf two different loops
namely inner and outer loops. The pressure difference between the evaporator .
condenser and the superheat temperature are controlled by applying the MPC algorith
system in the inner loop and a PI controlled is utilized to determine thgoswtof the
superheat by considering a nlimear relationship between the cooling demand and supe!
temperatureBy investigating the results, the authors have found out that the presented
strategy results in 5.8% improvements of the first &fficiency of the system compared

contestant control methods.

This thesis is about energyficient analysis and control of HVAC systems, particule
refrigeration cycles. As discussed above, dynamic analysis of the thermodynamic syste

key factor in energefficient design and control of such systems. Thegndemand of the



humani ty i s i ncreasing day by day as

increases. For this reason, necessity of more eredfigient and environmentaHlfriendly
HVAC systems are increasing. Control and enaffigient desgn of such systems may be
solution for the problems described above. The thesis starts with the dynamic analy:
vapor compression refrigeration cycle. All of the components in the cycle is modele:
methods used in dynamic analysis. The methosisd in dynamic analysis of the he
exchangers, such as the evaporator and the condenser, are described and then a ca
presented, which includes performance comparison of the refrigeration cycle that e
R134a and R1234yf refrigerants. Thedrigerant R1234yf is put forward by the researcher
an alternative to R134a. R1234yf has more favorable Ozone Depletion Potential (OC
Global Warming Potential (GWP) values compared to that of R134a. Then the thesis cc
with the control stug of a vapor compression refrigeration cycle. The-hogar model of the
cycle is developed by utilizing the Movisgpundary (MB) method and static relations. .
artificial neural network is trained to predict the behavior of the cycle. AndliNear Mockl
Predictive Control (NMPC) algorithm is implemented to control the system. Each optimi.
problem in the NMPC is solved by applying the Whale Optimization Algorithm (W
(Mirjalili and Lewis, 2016). The WOA is swandmased naturenspired metaheurigti
algorithm that mimics the hunting behavior of the whales in the environment. The WO/
favorable exploration and explotation capabilities and can effectively search large s

spaces.

Some of the novel aspects of this thesis are:

fThe dynamic characteristics of the two contending refrigerants, R134a and R1
are investigated.

fThe dynamic modeling of the refrigeration cycles is studied.

Neurd networkbased NMPC is applied to control a vapor compression refriger

cycle.
A metaheuristic optimization algorithm, the WOA, is utilized the solve the prob

arise in the each time step in NMPC.



2. INTRODUCTION TO HEAT PUMPS AND DYNAMIC ANALYSIS OF A
VAPOR COMPRESSION SYSTEM

2.1. Introduction to Heat Pumps

Heat pumps have been in interest of the researchers and scientists for ¢
Theoretically, the first vapor compression heat pump is proposed wdtks and thesis o
Carnot in the early 19th century (Reay and Macmichael, 1988). This first proposed c
named after Carnot and is called as the Carnot cycle. Later, William Thomson (Lord
proposed the first application of the Carnot cycldanc al | ed it as oOfF
multiplier is the first application that a refigeration machine that can also heat the envirc
if needed. During that time, conventional furnaces did not permit continuous combus
the fuel for heating. La Kelvin claimed that his heat pump can contuously condition
environment with consuming less fuel compared to conventional furnaces. The d
representation of the heat multiplier is given in Figure 2.1.

Steam engine
_/l \E, drive EZ External
to building ./ atmosphere
7

Egress

Ingress
cylinder cyiinder /

/

N

Receiver

=

SIS

Figure 2. 1. Lor d (Reayand Maénschablela88) mu |

The heat multiplier employed air as the working fluid and mainly consisted of two
tanks (Dyakowski and Brodowicz, 1993). The two water tanks took the roles of theahd
low-temperature heat sources. The air was gseed in the cycle and then released to
environment. Later, it is claimed that
Switzerland. The refrigeration system that is built in Switzerland is depicted in Figure 2..
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Figure 2.2. Diagna of the first constructed heat pump (Reay and Macmichael, 1988

Twentieth century witnessed rapid development of the heat pumps. One of tr
conventional vapor compression refrigeration cycle is installed by Southern California |
Co. in Los Ameles in 1930. The cycle had the power of 1050 kW and the Coefficie
Performance (COP) of the cycle was 2.5. Likewise, the Zurich Technical University
installed a heat pump that had 7MW power and 3 COP value in 1942. The use of
fluids as tle working fluid of the heat pumps are popularized in 1940s and first hous
commercial heat pump products began to appear at the stores. United States was
adopt this new technology due to having more suitable climatic conditions and instafgc
modern heat pump products to the buildings. In the first full year production, arounc
commercial heat pumps are manufactured. This number is doubled by 1954 and in
tenfold by 1957. The majority of the products are installed in southera phathe United
States. By the 1980s, 30% of the all newly constructed houses in the United States he
pump. Afterwards, other countries that have different climatic conditions than the |
States such as France, Sweden, Norway also adoptedahpump technology and began
install heat pumps to the buildings. Nowadays, the heat pump technology is still widely |
many countries and constitutes a large amount of energy consumption of the countries.

The vapor compression heat pumps @h\welectrical energy into heat energy. T
smaller vapor compression heat pumps do not consume much electrical energy a
installation are easy. Therefore, they do not constitute much problem. However, larg
pumps requires more electrical egyerto operate. And larger electrig@heat energy
conversion results in lower exergetic efficiency. The sorption heat pumps are a
alternative to vapor compression heat pumps. The sorption heat pumps do not



compressor that consumes large radat energy. Instead, they utilize a pump that oper
with much lower electical energy. Their capital cost is much lower than their °
compression counterparts in advantageous conditions. They are hazardous to the envi
For these reason, moaed more countries are installing sorption heat pumps into factorie
houses. One of the common type of sorption heat pumps are the absorption heat pu
discussed before, the absorption requires very litte work input to transfer the heat beéa
high- and low temperature environments and can be operated with renewable ¢
technologies such as solar panels (Herold et al., 2016). Schematic representatio
absorption heat pump and a vapor compression heat pump are depicted in Figure
Figure 2.4, respectively.
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Figure 2.3. An absorption heat pump (Herold et al., 2016)
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Figure 2.4. A vapor compression heat pump (Herold et al., 2016)

Using a heat pump can be advantageous in some applications. These are,

qIf there is a place to be heated and the temperature of the place is too low comj
the environment.

qIf the place to be conditioned needs both heating and cooling depending on the s

qIf there is a large energy flow in an industrial factory that can be reversed.

qif the industrial factory that the heat pump will be installed already has a
regeneration system.

qif the energy is conveyed to a far away distance. So that the capital cost «
decreased by utilizing a heat pump.

There has been arguments among the politicians and the researchers over the ye
whether the development ofettheat pump technology is heccessary or not. People that ¢
the usage of the heat pumps assert the following points.

fThe heat pumps can help humanity to reduce its energy consumption. The econc
not expand much fther without the reducing of energy consumption.

1By integrating the heat pump into a energy system, we can modernize and red



capital investment cost of the system.

9A heat pump work for both ways. It can be utilized as either for cooling or heatin
is a perfect technology for a space to be conditioned depending on the season.

TA vapor compression heat pump is not hazardous to environment. liecased in
houses where there is low environmental pollution and factories where there ar
environmental pollution.

The arguments against the usage of heat pumps are as follows.

fThe US and the northern Europearuntries have different climates. Thus, for exarr
in countries like Poland, one can not only rely on using only the heat pumps over a yeat

1Same as above, district heating systems in northern European countries ar
preferable to heat pump systems in terms of energy consumption.

fCoalfired heating systems is more preferable to heat pump systems in ter
economic cost.

fLarge vapor compression heptimps that consume megawatts of energy is n
appropriate for usage in sizable energy districts.

fLarger heat pumps should be manufactured and designed separately. These hei
are less traditional and more compléman their smaller counterparts. Thus, more quali
workforce and more economic sufficiency are required to employ such systems.

fCurrent working fluids that are employed in the heat pumps do not achieve fav
perfomance.

As discussed above, heat pumps can be of different kinds. Also, each type of cy
be realized differently. A brief summary of this fact is depicted in Figure 2.5.

The most basic type of cycle is the ideal cycle, in other words the caaiet The ideal
cycle can be thought as the reverse type of heat engine. The heat engine extracts hea
high-temperature environment and releases heat to théeloywerature environment. By doir
so, it outputs work. On the other hand, the heat puegpires work input to operate. E
supplying the work input to the system, the cycle extracts heat from themgionment anc
releases the heat to the ld@mperature environment. If the circuit direction of the work
fluid is reversed, the cycle opes reversely. It extracts heat from the -tlewperature
environment and releases to the higmperature environment. Thermodynamically, 1
process can be depicted as in Figure 2.6.
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The ideal cycle consists of four different processes (Hundy et al.,, 2016). The
processes are expansion, compression, evaporation and condensation. The working fl
through these processes and returns to itanatigstate after completing the cycle. In t
expansion and compression processes, entropy of the working fluid remains consta
these processes are isentropic. Work is supplied to the system during the compressior



and extracted from the sgsh during the expansion process. And the heat is transferred
system during the evaporation process and extracted from the system during the cond
process. By considering these idealizations, the process is accomplished with me
amount ofheat transfer and minimum amount of work. Therefore, the maximum effici
the Carnot cycle efficiency is accomplished. A graphical representation of a ideal cycle
corresponding temperatuemtropy diagram is given in Figure 2.7.
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Figure2.6. Thermodynamic representation of the heat pumps (Reay and Macmichael,
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Figure 2.7. a) Graphical representation of an ideal cycle b)Tempeesinopy diagram of the
ideal cycle (Hundy et al., 2016)

The Carnot cycle efficiency can be calcathwith the following formula,

p (2.1)

ouoL



The vapor compression refrigeration cycle can be thought as application of the
Carnot cycle to the real world. The vapor compression cycle is mainly useefrigeration
and it has the same components with the ideal Carnot cycle. The working fluid is com|
at the compressor and its pressure and enthalpy goes up. Then the fluid releases its he
to the environment and condensates at the condekiterwards, the working fluid that is i
the liquid phase is expanded and transforms into ligajbr phase at the expansion val
Finally, the liquidvapor fluid absorbs the heat energy from the secondary fluid and evag
at the evaporator. The gphical representation and the pressmthalpy diagram of thi
corresponding cycle are given in Figure 2.8 and Figure 2.9, respectively.
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Figure 2.8. Graphical representation of a vapor compression cycle operatéd @4th
(Hundy et al., 2016)
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Figure 2.9. Presswenthalpy diagram of the vapor compression cycle (Hundy et al., 20

Another type of heat pump is called the absorption refrigeration cycle. A sche
representation of an absorption refrigeration cickhown in Figure 2.10.

Condenser --
' Absorber Generator
N I
XExpansion i PR
e e e S ks e —
: N4 i
Heat Weak|solution Heat
SN, | o . ]
Evaporator Pump Strong solution

Thermal compressor

Figure 2.10. An absorption refrigeration cycle (Hundy et al., 2016)

As can be seen in Figure 2.10, difference between the vapor compression cycle
absorption cycle is that the compressor is replaced with a abgmpator system. Th



refrigerant leaves the evaporator in vapor form and absorbed by an absorber
concentration of the absorption fluid increases as the fluid passes through the absorb
the temperature of the fluid increases at the generatoisgmamped back to the condens
The solution with low concentration that is left at the generator is expanded and is g
back to the absorber.

Mainly two different working fluids are used in the absorption cycles. These ai
ammoniawater and khium bromidewater solutions. The lithium bromieeater solution is
appropriate for general chilling applications. However, the ammeatar solution is
appropriate for chilling applications
absorption reigeration cycles take much more energy input than the vapor compre
cycles, however, they do not require much work input. Therefore, they are suitat
renewable energy systems. The COP of an absorption cycle can be calculated as follov

600 —— (2.2)

where”Y ,°Y ,°Y Y are the absorber, generator, evaporator and cond
temperatures, respectively.

Adsorptionrefrigeration cycle is another type of heat pump. Adsorption refriger:
cycle utilizes materials such as silica gels and zeolites which can adsorb refrigerants ug
of their weight. Choice of the adsorbent and refrigerant combination changes hwi
application. However the most widely used ones are carbon with ammonia and silica ¢
water. The amount of refrigerant adsorbed depends on system temperature and pre
schematic representation of an adsorption refrigeration cycle is depickegure 2.11. The
processes shown in Figure 2.11 can be described as follows. Initially, the system is
pressure and low temperature state (state a). Thereafter, in b, the adsorbent is heate
adsorbed refrigerant is released and moves emé#xt vessel. This release process incre
the pressure and the temperature of the system. Then, in ¢, the system is cooled ba
environment temperature andadsorption of the refrigerant and drop in system temper:
and pressure begin. Fiha in d, the reduced pressure of the system causes the refrigel
the second vessel to absorb heat energy from the environment and refrigeration pher
happens.
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Figure 2.11. Adsorption refrigeration cycle (Hundy et al., 2016)

Desiccant coolig systems is the last type of heat pump technology that will be des:
in this thesis. A basic desiccant cooling system is shown in Figure 2.12. Desiccant
system is an open cycle. It consists of two seperate wheels, namely temperature and
wheels. The desiccant can beaativated by utilizing solar or waste heat energy. TI
desiccant cooling is an environmentdifiendly technology. The thermal is wheel is gener:
selected as a rotary heat exchanger and recovers the heat energynlibeveupply air an
exhaust air. The desiccant wheel works the same way except it-alstiviages the desiccant.

By-pass
Exhaust <t B G S Indoor air
Heater » Evaporative cooler
Outdoor air sy > — Supply air
Desiccant wheel Thermal wheel Evaporative

cooler

Figure 2.12. Desiccant cooling system (Hundy et al., 2016)



2.2. Dynamic Modeling of a Vapor Compression System

As described above, ¢he are four basic components in a standard vapor compre
cycle. These components are compressor, expansion valve, evaporator and cond
general demonstration and pressen¢ghalpy diagram of a vapor compression cycle the
analyzed in this stly are given below in Figure 2.13 and Figure 2.14 respectively.

Evaporator Fan

4
}%I. Expansion Valve

Figure 2.13. A typical demonstration of a vapor compression cycle (Rasmussen and Al

2006)
Q
g 3 2
7]
o
o
4 1
Liquid Two-Phase Vapor
Enthalpy

Figure 2.14. Presswenthalpy diagram of a vapor compression cycle (Rasmussen ar
Alleyne, 2006)

Bendapudi and Braun (2002) and Lebrun and Bourdouxhe (1998) included &
literature review on this topic in their studies. As Bendapudi noted in his study, mode
the heat exchangers takes up the bigger work in dynamic simulation of acesppressior

cycle. Modeling of the heat exchangers are generally accomplished by utilizing three d



group of approaches. These are lumped parameter approach, discretization apprc
movingboundary approach. Modeling of the compressor andnskpa valve are generall
done with nonlinear static relationships due to their higher evolving dynamics compe
that of the heat exchangers. Brief descriptions of the each heat exchanger modeling ap

are given in the paragraphs below.

Lumped parameter models are perhaps the most primitive and simplified of the
modeling approaches. Due to its simplicity, most of the time the focus is on a differen
that heat exchanger dynamics in the papers that utilizes the lumped parameter\Wardets.
the Chi and Didion (1982) may be a good example of lumped parameter modeling of t

exchangers.

Discretized models are highhgliable approaches for the modeling of the I
exchangers. Nowadays, most commercial software packages useendiffgypes of
discretization approaches for the modeling of the heat exchangers. The mostusett
discretization approaches for the modeling of the heat exchangers ardiffeitence (FDM)
and finitecontrol volume (FCV) methods. In the discretiatimethods, the heat exchang
are divided into homogenous finisized control areas or volumes. Hilgvel of discretizatior
generally results in more accurate outcomes, however, it requires more computation p
calculate the results. Some of theides in the literature that utilizes the discretizat
approach are MacArthur (1984), Chen and Lin (1991) and Fu et al. (2003). Demonstrat|
discretized heat exchanger is given in Figure 2.15.
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Figure 2.15. Discretized heat exchanger model (Korzen and Taler, 2015)



The MB method attempts to capture the mpltase dynamics in a heat exchanger at
same time benefiting from the simplicity of the lumped parameter method. In the MB m
eachfluid phase in the heat exchanger is evaluated as a seperate control volume
boundaries that seperate the each control volume represenets the phase transitions of
Physical and thermal properties of the fluid are evaluated as lumped es/anagle eacl
region. Many studies in the literature utilized the MB method for the modeling of the
exchanger dynamics (Rasmussen, 2015; Rasmussen and Shenoy, 2008; McKin
Alleyne, 2008; Li and Alleyne, 2010). The studies in the literature ggrathat MB is a
preferable alternative to discretized models with less accuracy and less computational
sample demonstration of a heat exchanger modeled with the MB method is depicted ir
2.16.
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I I
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Figure 2.16. A heat exchanger modeled withNtg2method (Rasmussen and Aleyne, 200

From this point forward, the dynamic modeling of a vapor compression cycle w
presented. R134a and R1234yf refrigerants are employed in the cycle and their perfol
in the cycle will be compared with eachhet. The evaporator and condenser are modeled
the FDM. Following assumptions are made for the modeling of the heat exchangers:

fThe heat exchangers are double pipe heat exchangers with long and horizontal tt

fAxial conduction that occurs in the heat exchangers are neglected.

TRefrigerant flow in the heat exchangers is considered adiorensional flow.

fPressure dims, kinetic and potential energy variations and viscous flow frictions
occur in the heat exchangers are neglected.

The evaporator is considered as a cifts8 double pipe heat exchanger. T



evaporation process that happens in the evaporatordsletbwith the Gungor and Wintertc
(1985) correlation. The following equations describe the Gungor and Winterton correlati

o6& — (2.1)
8 8 8
A — = — (2.2)
O p ¢t naigt  p® xpld 8 (2.3)
Y — . (2.4)
Q. M ¢YF0 i 8TQ (2.5)
Q vo® aé¢h 80 8 (2.6)
0 00 W (2.7)

Gnielinski (1976) is utilized for the modeling of the determination of the Nusselt nu
in single phase turbuté flows,

Uo s T (2.8)

The friction factor for the determination of the Nusselt number is calculated as follc

YQ — (2.9)
Q — 0 OG Qe Gi

- i} (2.10)
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A sample demonstration oftascretized evaporator is depicted in Figure 2.17 below.
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Figure 2.17. A discretized evaporator (Chowdhury et al., 2015)

Behavior of the primary fluid in the evaporator is calculated by solving following s



differential equations,

— 4 0 —Q (2.11)

— 0N QWY 7Y

Qo 6 0 (2.12)

Behavior of the secondary fluid is modeled with the following equation,

YUY om (2.13)

— -

Finally wall temperature of the evaporator is calculated with the following equati

0” w&a Qn Y Y Qnq Y Y (2.14)

The condenser is also considered as efloss double pipe heat exchanger. T
condensation process is modeled with the Br§i®71) correlation. The correlation consists
following equations,

YQ vum O g nxi Y
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Primary fluid behavior in the condenser is modeled with the following set of equatis

— 4 0 Qo (2.18)

— QN QY Y —Qwa Q (2.19)
Following equation represents the behavior of the secondary fluid,

YUY m (2.20)

— W

And the wall temperature of the condenser is calculated with,

0” wt4a Qn Y Y QnQq Y Y (2.22)

Heat transfer phenomena that occurs in the compressor is made up of two d
processes. First, the fluid coming from the evaporator interacts with the environment
reaches the compression room, then gbb/tropic compression process takes place in
compression room. Design of the compressor is depicted in Figure 2.18.
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Figure 2.18. Internal structure of the compressor (McArthur, 1984)

First phase of the heat transfer, fluid interacting witheheironment, is modeled wit
the following set of equations,

"w Y Y QY Y QoYY (2.22)
5" & — QY Y Q@ Y Y (2.23
5 " ® — QY Y QY Y (2.24

The polytropic compression process is modeled as follows,

_ _ (2.25)

The orifice equation given in James and James (1987) is utilized to model the exj
valve. It is assumed that the refrigerant enthalpy does not change between the expans
inlet and outlet.

4 TBLQWoO 0 (2.26)

Inner structure of an expansion valve is giveffrigure 2.19
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Figure 2.19Inner structure of an expansion valve (Bright Hub Engineering, 2018)



Thermodynant and thermophysical properties of the refrigerants R134a and R1
are acquired from the CoolProp library (Bell et al., 2014). Mass flow rate of the refrig
are considered as 0.2kg/sec. The mass flow rate is applied to the system as step i
beginning from the enterance to the evaporator and returning back to the evaporator e
is considered as a time step. Water is employed in the cycle as the secondary fl
thermodynamic and thermophysical properties of the water is acquiredtlir@oolProp
library. Isentropic compression rates of the R1234yf and R134a are respectively taker
and 1.2. Heat exchanger walls and the compressor shell are assumed to be made
Internal pressures of the evaporator and condenser are tadcatarespectively 200kPa a

796.6kPa given 1.1mm openness of the expansion valve needle.

Boiling and condensing temperatures of the R134a and R1234yf refrigerants un
given pressures ard 0 AC and -B3IAC amdl 30 . 5HReGigerare dow
inside the heat exchangers are taken as 0.7m/sec which indicates that the flow is tt
Design properties of the evaporator and condenser are considered as follows, inner a
tube dimeters are 0.01lm and 0.018m, respectively tabé lengths are 14m. Initi
temperature of the compressor cylinder
initial temperatures of the refrigerant, water and wall of the evaporator are takied & C ,
and OAC, respecti waly, teamperheuwasef on
23AC, respectively. Time steps are cons
are taken as 0.1m. The simulations have been done in the Java programming environr
the performance ressltof the cycles that operates R134a and R1234yf are comj
Following figures, Figure 2.20, Figure 2.21, Figure 2.22 and Figure @e3fict the initial anc
final temperatureentropy and presswenthalpy diagrams of the refrigerants R134a
R1234yf.



T-s diagram for R134a at t=600 sec.

T-5 diagram for R134a at t=0
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Figure 2.20Initial and final shape of the temperat@m@ropy diagram for R134a

P-h diagram for R134a at t=0 P-h diagram for R134a at t=600 sec.
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Figure 2.21 Initial and final shape of the presswgethalpy diagram for R134a



w0 T-s diagram for R1234yf att=0 100 T-s diagram for R1234yf at t=600 sec.
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Figure 2.22 Temperaturentropy diagram for R1234yf at initial and final states

P-h diagram for R1234yf at t=0 P-h diagram for R1234yf at t=600 sec.
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Figure 2.23 Pressurenthalpy diagram for R1234yf at initial and final states

It can be seen from the Figure 2iP@t initial evaporator, condenser and compressor o



temperatures are respective/. 1 7 AC, 23AC and 90. 07AC a
8. 51AC, 24.47AC and 71.cubbkeeen from thepFégare 21AAte
initial evaporator, condenser and compressor outlet temperaturessapeere t i v e |
23.01AC and 84.37AC and i7n 46A€, fRBaB6.
respectively. The condenser and evaporator wall temperatures varies with time, thi
superheat and subcool temperatures of the refrigerant dexraadeincreases with tim
respectively. For this reason, the superheat and subcool temperatures get inside
saturation dome after some time. The system loses its stability and the COP drops to z
these temperatures get inside to saturatmmed Change of the COP, compressor work
the cooling load with time for the both refrigats are depicted in Figure 2.24, Figure 2.25
Figure 2.26respectively.

COP variation for R134a COP variation for R1234yf
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Figure 2.24 Change of the COP with time for the both refrigerants



Required compressor work for R134a i Required compressor work for R1234yf
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Figure 2.25Change of the compressor work with time for the both refrigerants
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Figure 2.26 Change of the cooling load with time for the both refrigerants

It can be seen that there are-zags in the cooling load trajectory changing with time. Tt

zig-zags lappens because of the instabilities in the evaporation correlation. Moreover, it



noticed that as the superheat temperature drops, compressor work also drops with time
absorbs more heat from the secondary fluid in the evaporator, howeveredetpmpresso
works for the both refrigerants are similar. For this reason, it can be said that perform.
the cycle that employs R134a is greater than that of employs R1234yf. The reason
phenomena occurs because of the more favorable tHgmamic and thermophysici
characteristics of the R134a compared to R1234yf.



3. OPTIMIZATION

3.1. Optimization Problem

Engineers generally come across with various type of optimization problems. A co
task to accomplish imptimization problems is finding a set of design variables whic
subject to a set of constraints that minimizes or maximizes an objective function:lif&vesm
singleobjective and constrained optimization problem can be mathematically formula
follows (BozorgHaddad et al., 2017),

0 g "Qw

YO 0 BEHOO 0 T Q phm (3.1)
Nw T Q ph '
O 0w W "Q ph

where "Q w, Q w are respectively the inequality and equality constraiifdsy is the
objective function and is the decision variables vector.

3.2. Traditional Optimization Techniques

There ae different types of optimization techniques such as linear programi
guadratic programming, trustgion methods, etc. (Yang, 2018). Traditional optimiza
algorithms have some drawbacks compared to modern optimization algorithms. These |

fTraditional algorithms are mostly local search algorithms. Therefore they di
guarantee to find the global optimum since they only rely on derivative information to fir
optimum point especially for nelimear problems.

fTraditional algorithms are generally problampecific. Since the search space landsc
changes from problem to problem, it is possible that with changing derivative informatic

algorithm may not converge to global nmmim.
fTraditional algorithms can not deal with highly alomear and multimodal problem:

They also can not deal with discontinuity in the problems.

fFor most of the traditional algorithmihe final solution is tied to the initial point. If
traditional algorithm is utilized with the same initial points, it is expected for the algoritf
converge to a similar point.

As discussed above, the traditional algorithms mostly work on dexévktiowledge ol
the search space. For this reason, they can be called as local optimization technique
algorithms generally have less computational load compared to their modern counterp
they mostly require little parametming (Venter2010). Following figure can be a good w

to explain how a traditional gradiebased algorithm works.
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Figure 3.1. Traditional optimization technique (Vanderpaats, 2007)

In Figure 3.1, the blindfolded boy represents the searching agent, the flag on tog
hill represents the maximum point, or the objective, and the fences are the constraint
problem. A primary objective would be making sure that the boy stam fnside of the
fences since he can not get over the fences blindfoldedly. This stiuation shows the firs
problem of the traditional optimization techniques. Then the boy takes some steps amdt
y directions to approach to top of the hill. Bging the information he got from his previo
steps, he can predict where he can go next until he realizes that he makes no progr
may be reaching a fence or getting a steeper place. If he reaches a fence, this mean
algorithm has reackiethe limits of the workspace, so the boy should go back. If he come
steeper place, where he would not have any information about where he can go n
means that he reached the top of the hill, optimum point, or he arrived to a small tif

minimum.

There are many different local optimization techniques in the literature. Some
most famous local optimization techniques are described in the followirgestibns.

3.2.1. Newt ondbs Met hod

Newt onds met hod i s ndused traditional dpemizationstachnigt
Newtonds method is based on the Tayl or

Mo Qo T w ® -0 ©®© 0w 0 o (3.2)
where’O w is the hessian matrix. Next step is updatimg candidate design vector accord

to the following rule,



®w 0 Ow "1MAw (3.3)
The step size is assumed to be one in the above equations. One of théravépacks of the
Newt onds method is second derivative te€
makes the method impractical and hard to calculate for many situations.

3.2.2. Gradient Descent Algorithm

Gradient Descent (GD) algorithm is al®one of the oldest and still widely us
traditional optimization algorithms (Towards Data Science, 2018). In the GD algorithr
first step is defining the initial point. The candidate desicion variable vector is itera
updated by calculating thgradients towards a steeper position in the search space. Tt
algorithm can be mathematically represented as follows,

@ @ "Qw (3.4)

wheredis the learning rate. A higher learning rate means higher step sizes. Howe

higher step sizes, the algorithm jumps over and may not converge to the optimum poi
phenomenon is depicted in the figure below.

Big learning rate Small learning rate

Figure 3.2. Effect of learningt@on the convergence (Towards Data Science, 2018)
3.2.3. NelderMead Algorithm

The NeldefMead (NM) algorithm is also a welkinown and widely used tradition:
optimization algorithm. The NM algorithm is simpkaased (Singer and Nelder, 2009).
simplex is a convex hull that consists of-1 vertices wheren is the dimension of thi
optimization problem. A sample simplex representation is depicted in the figure below,



I

Figure 3.3. A sample simplex (Singer and Nelder, 2009)

The simplex is placed on tlsearch space and moves like a ameba until the termior
criterion is met. Generally NM algorithm consists of the following steps,

finitialize the simplex

fRepeat the following steps until the termination criterion is met
fiCalculate the fitness value of the simplex vertices

qIf the fitness value does not satisfy the termination criteriorstoam the simplex
fReturn the fitness value of the best vertex.
In the NM algorithm, the simplex have four different transformations. The first one
reflection. Reflection of a simplex is depicted in the followfiggre with red line representi

the new form and blue line represents the initial form,

Figure 3.4. Reflection of the simpleSifiger and Nelder, 2009

Reflection process is mathematically described as follows,
O O] 0O o (3.5)
Second type of transformation is expansion. The expansion process shown

following figure,



Figure 3.5. Expansion of the simplex (Singer and Nelder, 2009)
Expansion is mathematically described as follows,
W o0l o (3.6)

The other type of transformation is contraction which is the opposite of extractio
mathematically shown as the following equation,

® Ol o o (3.7)

And the last type of transformation is shrink. As the name suggests, the simplex
from one side.

3.3. Modern Optimization Techniques

Modern optimization techniques have been propogeitid researchers to overcome 1
drawbacks of the traditional algorithms discussed above. Modern optimization techniqt
be grouped into three classes, heuristics, metaheuristics and evolutionary algorithms. F
techniques are mostly based omaltanderror and random walks. On the other ha
metaheuristic and evolutionary techniques utilize memory, learning methods and s
history. Advantages of the metaheuristics compared to traditional techniques ¢

summarized as follows,

fThey treat the optimization as black box problems. Thus, they are problem indepe
fThey are gradieriree. Therefore, they are more likely to find the global minimun

highly nonlinear sear spaces.
fThey are mostly designed as global optimizers.
fThey contain stochastic components. Therefore, by utilizing random walks and
stochastic techniques, they can explore theckespace more effectively.
Mainly, an optimization algorithm works as follows. First, a set of decision varii
are generated by the algorithm. Then, the decision variables are applied to the optir
problem and outputs, or state variables,a@ined. Then, the objective function, constra

and fitness values are determined in order. Finally, the obtained fitness value is checke



optimal or not. This procedure is presented Figure 3.6 below.

The main difference between the metaistic and evolutionary algorithms is the

approach to storing old best values and artificial intelligence techniques that they use.

‘ Input problem’s data ‘

Optimization
algorithm

Generate decision variables

Evaluate ther objective Run simulation model
function
‘ Evaluate constraints ‘ | Evaluate state variables ‘

‘ Evaluate fitness function

No Optimality Yes
achieved?

‘ Report the result ‘

I

Figure 3.6. Optimization algorithm procedure (Bozblgddad, 2017)

Metaheuristic and evolutionary algorithms can Inadeéd into several subategories.
These are natwi@spired and nomatureinspired algorithms, populatidmased and nen
populationbased algorithms and memdrgsed and memotgss algorithms. Algorithms suc
as Genetic Algorithm (GA) (Goldberg, 2008)tificial Bee Colony (ABC) (Karaboga, 200t
and Simulated Annealing (SA) (Van Laarhoven and Aarts, 1987) are classified as
inspired algorithms. The GA is derived
utilizes the food finding behavior dfie bees in the nature. On the other hand the algori
like Tabu Search (TS) (Glover, 1989) have no inspiration from nature and their origi

unclear.

Some modern algorithms are based on populations. Each member of the poj
scatter arounche search space to find the global minimum. GA and ABC are good exa
to populationbased algorithms. On the other hand, algorithms like SA relies on a :
searching agent to explore the search space. Finally, there are algorithms that do no

best solution from the previous iteration. They can be classified as memoryless algc



Any modern optimization technique can be modified as a memoryless or mbasagy
algorithm. Some modern optimization techniques will be presented in the follauinc
sections.

3.3.1. Genetic Algorithm

The GA is inspired from the behavior of the genetic structures of the living creatur:
Darwinds | aw of evolution. Il n the natu
own genetic information to the next generation. This phenomenon &otigghain idea of th
GA algorithm.

The GA is made up of three different processes: crossover, mutation and selectio
an initial set of chromosomes that represents the candidate solutions are created
implementation of the algorithmEach chromosome consists of genes that represent
decision variable. Then, a number of child solutions are generated by exchanging a
genes with each other and a new solution chromosome is generated. This process is ¢
crossover. Therdi@r, the place of the genes in the chromosome can be swapped wit|
other to create a new set of solution chromosome. This process is called the mutati
finally, fithess values of the each chromosome is evaluated. The chromosome with tf
degrable fitness value is selected and it is stored for the next generation, or iterat
candidate solutions. Generally, the algorithm have two unique parameters to be tun
crossover operator, the first one, decides how frequent the crossovatiarpés be carriec
out in a generation. Higher crossover operator values increases the exploration intensi
However, a very high crossover operator value may drive away the algorithm from the
optimum. The mutation operator, the second deejdes how frequent the mutation operat
to be carried out in a generation. A high mutation operator value increases the exp

intensification. Overview of the GA algorithm is depicted in the following figure,
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Figure 3.7. General structure betGA (Venter, 2010)

3.3.2. Differential Evolution

Differential Evolution (DE) is parallel direct search method proposed by Storn and
(1997). DE algorithm utilizes the same three processes that GA has, crossover, muta
selection. The DE atgithm employs chromosomes just like the GA to find the gl
optimum. The mutation process is accomplished by the following procedure,

O W p Ow W f (3.8)

whereas, a» andagz are the random numbersjs the solution vectorf is the mutation
factor andv is the differential vector. Then the crossover process is applied depending

value of the crossover factor. The crossover operation is mathematically akdallows,

0§ " (3.9)
In the last step of the algorithm, the chromosome with the best fithess value is s

and itsvalues are stored for the next generation of solutions.

3.3.3. Particle Swarm Optimization

The Particle Swarm Optimization (PSO) is a swdnased naturenspired metaheuristi
algorithm proposed by the Kennedy and Eberhart (1995). PSO algorithm of tree welt
known and widely used modern optimization techniques. The algorithm has
computational load and shares many similarities with the GA such as perturbation
generation and memorization of the best member for the current generatiorveratvalso
has some differences. It does not rely on procedures in the GA such as crossover, mut:
selection. The algorithm mimics the social life of the animal swarms, such as bird a
flocks. The animals gather together and form swarmdglackk to defend themselves from t
predators, to hunt preys or to migrate a more fruitful feeding zones in the nature. Tt

mathematically models this phenomenon to find the global optimum in the search space

There are different types of best ltoas that are stored for the next generations in
PSO. One is the personal best. Each member of the swarm remembers the best locat
achieved so far and stores it for the later generations. The other best value is the grc
The swarm alsavatches for the best fitness value it has achieved so far and stores the
for later generations. And the last best location is the global best. After all generatic

been completed, the algorithm compares the last generation swarm best wglbb#iebest



and decides the best solution it has found. The algorithm mathematically described v
following formulas,

0 O 1 QoQI®d i Mol @ (3.10)

@ ®w U (3.11)

whereri andr, are the randomly generated numbers between 0 an@rid i are the
learning parameters usually selected between 0 amds2the solution vector and is the
velocity vector that determines the destinationtlod member. Thal parameter can b
percieved as how much a member of the swarm trusts itself, on the other harghrdraeter
can be perceived as how much the particle trusts the group. Literature suggests that
learning parameters should be d¢akas 2. First, the velocity vector is calculated by
algorithm, then each particleds correstg
the selection of the best solution, the global bgbest is compared with the personal
swarm bestpbest and the solution with more favorable fitness value is selected for the
iteration. The position of the each particle plays an important role for the exploration
global optimum.

3.3.4. Bat Agorithm

The Bat Algorithm (BA) is a natusimspired swarrbased metaheuristic algorith
proposed by Yang (2010). BA is inspired from the echolocation behavior of the microl
the nature. In the BA algorihm, it is assumed that each bat in the swewws kts exac!
position and there are no barriers that blocks their communication with each other. E
employs the wave characteristics of the bats such as amplitude, loudness and fre
Movement of a bat in the algorithm is modeled with the falhgaequations,

W0 Q] (3.12)
b0 ® 60 (3.13)
@ @ 0 (3.14)

wheref is the frequency of the wavelengthis a vector consists of randomly genera
numbers between 0 andxlis the location of the bats,is the velocity of the bats and is the
best global solution of the swarm so far. And the balance between thwatiop and
explotation is provided with the loudness and pulse emission of the wave that bats
communicate. These parameters are calculated as follows,

0 "0 i I p Qwnto (3.15)

where A is the loudness; is the pulse emission andand Uare the constants. Pseu

code of the bat algorithm is defined in the following figure.



Bat Algorithm
Objective function f(x), x=(x1,...,Td)"
Initialize the bat population x; (i =1,2....,n) and v;
Define pulse frequency f; at x;
Initialize pulse rates r; and the loudness A;
while (t <Maz number of iterations)
Generate new solutions by adjusting frequency,
and updating velocities and locations/solutions
if (rand > r;)
Select o solution among the best solutions
Generate a local solution around the selected best solution
end if
Generate a new solution by flying randomly
if (rand < A; & f(xi) < f(x4))
Accept the new solutions
Increase r; and reduce A;
end if
Rank the bats and find the current best x,
end while
Postprocess results and visualization

Figure 3.8. Pseudo code of the BA (Yang, 2010)
3.3.5. Firefly Algorithm
The Firefly Algorithm (FA) & another swarrbased naturespired metaheuristi
algorithm proposed by Yang (2010). The algorithm is based on flashing characteristics

fireflies in the nature. Following idealizations have been made to make the algorithm fi

for implentationin a computer program,
7All fireflies are assumed to be unisex. Therefore, each member of the swarm car

each other.

fAttractiveness of a firefly is propotional to its brightne3$ierefore, among twi
fireflies, the brighter one will attract the other one.

fThe brightness of the butterfly is determined by the position of the firefly in the s
space.

The light intensity of the fireflies is caltated as follows,

‘0 0OQ (3.16)

where U is the light absorption parameter ands the distance between the fireflie
Afterwards, attractiveness of a firefly, can be determined depending on the light intensit

1 Q (3.17)

where} is the attractiveness where the two fireflies are at the same location. F
movements of the fireflies is formulated as follows,

w 0 | Q W 1 (3.18)

wherex is the position of the each fireflj,andUare the tuning parameters &ndis the

vector of randomly generated numbers. Pseudo code of the algorithm is given in the



below,

Firefly Algorithm

Objective function f(x), x= (z1,...,xq)7
Initialize a population of fireflies x; (1 = 1,2, ...,n)
Define light absorption coefficient ~
while (¢t <MaxGeneration)
for i = 1:n all n fireflies
for j = 1:i all n fireflies
Light intensity I; at x; is determined by f(x;)
if (I, > I,)
Move firefly ¢ towards j in all d dimensions
end if
Attractiveness varies with distance r via exp[—~r]
Evaluate new solutions and update light intensity
end for j
end for i
Rank the fireflies and find the current best
end while
Postprocess results and visualization

Figure 3.9. Pseudo code bEtFA (Yang, 2010)

3.3.6. Cuckoo Search

The Cuckoo Search (CS) algorithm is a nainspired swarrbased metaheuristi
algorithm proposed by Yang and Deb (2010). CS algorithm is inspired from the n
behavior of the cuckoos. Some idealizations hHasen made to make the algorithm feasi
for implentation. These are,

fEach cuckoo in the swarm lays one egg at a time and discards it in a randomly
nest.

The egg with the best glity (solution) is carried over to the next generation.

fThe number of host nests are constant.

Flight behavior of many animals and insects depict the characteristics of Levy f
Therefore, Levy flights is utilizeth the CS. New solutions in the CS algorithm is gener:
with the following equation,

W w 3$0QUwW (3.19)

whereb is the step size. Levy flights are essentially a random walk method which ¢
calculated as,

0Qd® O (3.20)

Pseudo code of the CS algorithm is given in the following figure.



Objective function f(z), @ = (11,...,24)";
Initial a population of n host nests @; (i = 1,2, ...,n);
while (t <MaxGeneration) or (stop criterion);
Get a cuckoo (say i) randomly by Lévy flights;
Evaluate its quality /fitness F;;
Choose a nest among n (say j) randomly;
if (F;>F))
Replace j by the new solution;
end
Abandon a fraction (p,) of worse nests
[and build new ones at new locations via Lévy flights;
Keep the best solutions (or nests with quality solutions);
Rank the solutions and find the current best;
end while
Postprocess results and visualisation;

Figure 3.10. Pseudo code of the CS algorithm (Yang, 2010)

3.3.7. Artificial Bee Colony Algorithm

Artificial Bee Colony (ABC) algorithm is another widelysed naturénspired swarm
based metaheuristic algorithm proposed by Karaboga (2005). The algorithm mimics tt
source searching behavior of a bee swarm in the nature. There are three different type:
in the swarm in the ABC algorithm. They are, the employed bees which are associat
the food sources, the onlooker bees which observes the dance of the employed k
choose a food source and the scout bees which search for food sources randormbgéK
2010). In the initial phase of the algorithm, scout bees randomly searches around to loc
sources. Then the onlooker and employed bees draws food from these sources u
become exhausted. Thereafter, the exhausted employed bees bevmmdmeas and seart
for new potential food sources. Initialization of the ABC is accomplished with the follo
formula,

W aEvQf 6nNQixé v QI (3.21)

where lower and upper are respectively the minimurand maximum values that tf
decision variables can take ahbis a random variable between 0 and 1. Thereafter,
employed bees start to search for new food sources. This phenomenon is modeled
following equation,

0 ® I W W (3.22)



wherex, is a randomly selected food source &ads a randomly generated random tl
is drawn from a Gaussian distrubition. Then, probability value of an onlooker bee selec

a food source is calculated as follows,
n FE— (3.23)

wherefit is the fithess value of the each member of the bee swarm. Finally, sco
phase starts and scout bees search for new food sources in substitution for the ak
sources. Genelrarder of the execution phases of the ABC algorithm can be listed as follc

finitialization phase

TRepeat the following states until the termination criterion is met

fExecute the employed bees phase

f1Execute the onlooker bees phase

fExecute the scout bees phase

3.3.8. Whale Optimization Algorithm

The Whale Optimization Algorithm (WOA) i new naturénspired swarrbased
metaheuristic algorithm proposed by Mirjalili and Lewis (2016). The WOA is inspired
hunting and foraging behavior of the humpback whales in the nature. It has been obser
humpback whales group up and form arapof bubbles through the surface of the we
before to communicate before hunting. This behavior of the humpback whales is mod

the WOA with following steps, encircling prey, spiral bubbhkt feeding maneuver and seal

prey.

In the encirclingprey step, the whales do not know the position of the prey initially.
algorithm initially assumes that the optimum solution is the target prey. Howeve
candidate optimum solution is later updated with the whale, member, with the best s
and all other whales move towards to the best solution. This behavior is matheme

modeled as follows,
D WO A (3.24)
do p A CO (3.25)
whereb is the iteration numdr, ®is the position vector of the swar®is the position

vector of the best solution ar@and ®are the coefficient vector® and ®are calculated a

follows,



QO d o (3.26)
D O (3.27)
wheredpis a vector that its value drops from 2 to O over the course of iteration&,isr

a random vector between 0 and 1.

The spiral bubbleet feeding maneuver consists of two phases. First is the shri
encircling mechanism. This behavior represents the vali@dafcreasing over the iteratior
As the value of théd decreases, the circle becomes smaller and smdiles, the algorithrr
converges to a optimal point. The second one is the spiral position updating. The
update their position according to the position of the prey with the following equation,

Ao p @ ATOQ P p (3.28)

where"®is the distance between the member and the best solution achieved sohf
is a constant parameter that decides the shape of the spikaisamdandomly gerated numb
between 0 and 1. It is assumed in the algorithm that whaf@®agh to the prey with O.
probability by utilizing the Eq. (3.25) and 0.5 by utilizing the Eq. (3.28).

The last phase, searching the prey, models the looking for new food sources beh
the whales. The mathematical model of this phase is asvigllo

D ed ® (3.29)
Ao p & (€}) (3.30)
where® is a vector of randomly generated numbers. More details about the

can be found in Mirjalili and Lewi€016).



4. ARTIFICIAL NEURAL NETWORKS

4.1. Basics of the Artificial Neural Networks

Artificial Neural Networks (ANN) is a graphased artificial intelligence algorithm th
takes the inspiration from the neural networks in the brains oliving beings (Aggrawal,
2018). All living beings in the world have cells in their brains which are called neurons.
neuron in the brain is connected with each other axons and dendrites. The connectin
between the dendrites are called synap8estronger synaptic connection means better
new information is learned. This phenomenon constitutes the core of the artificial
network algorithm. A demonstration of a brain cell and an artificial neural network gre
presented in the followmfigure.

branches
gendrites of axon

terminals

e
Postsynaptic
Presynaplic s

DENDRITES WITH
. SYNAPTIC WEIGHTS

(a) Biological neural network (b) Artificial neural network

Figure 4.1. A biological and an artificial neural network (Aggrawal, 2018)

As can be seen in the Figure 4.1., the synaptic connection between the neur
symbolized with the arrows with each of them having weight values that represéen
connection strength. And the neuron is symbolized with an elliptic circle. In the ANN
information is fed to the network with the input neurons, then the information passes tl
the synapses and processed in the neurons. At last, the procéssedtion is gathered fror
the output neurons. Weights of the synapses during the information processing are up
the each iteration. This process provides the learning mechanism in the network. Acct
the output prediction can be improved l®gding more and more information to the netw
with large amount of iterations.

Graphbased representation of a single neuron in an ANN is depicted in the foll
figure.
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Figure 4.2. Structure of a single neuron in an ANN (Haykin, 2009)

An ANN is made up of three different components. The first one is synapses
synapse has its own weight. A signgl,arrives to a synapse through an input neuron.
the signal is multiplied with the weighty, and goes through the neuron. Thereaftes,
second component comes into play, that is the adder. Each multiplied weight and
combination and the bias of the neuron is added in the adder component of the neur
finally, the third component, the activation function, takes the added waltidimits for a
finite range. This processes summarize the mathematical behavior of a neuron in ai
Mathematically the above mentioned processes can be shown with the following equati

6 B 0 w (4.2)

® * 06 (4.2)

wherex is the input signalyv is the synaptic weight and 8 is the activation function
Formulas and graphical demonstration of the some of the most used activation functi
given below.
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(a) Identity (b) Sign (c) Sigmoid

(d) Tanh (e) ReLU (f) Hard Tanh

Figure 4.3. Activation Function (Aggarwal, 2018)

Recently ReLU and tanh activation functions are taking place of sigmoid acti
function due to ease trfaining of the ANN. Loss function is another fundamental aspect «
ANN. Different loss functions can come up with different results depending on the ty
learning. For example, lelpss function is used for mostly classification purposes and r
square error loss function is mostly used for numerical regression problems. Some

mostly used loss functions in the literature are given with mathematical formulations bel

fMean squared errot. -B 0

fMean absolute errot -B 0 ®S

fMean absolute percentage erfor: -B  —— p i1t

Pt2:0 B w

PL1:0 B s s

fMean squared logarithmicerrar: -B d Tdt p 1 T1d ps
TNegative logarithmic likelihood) -B 1 1Tdp

A group of neuron that are at thensa level of processing forms a layer. The lay
constitute the backbone of an ANN (Silva et al.,, 2017). There are three different ty
layers in ANN. Those are the input layer, the hidden layer and the output layer. The inpi

receives the exteah data from the environment and propagates the data through the



network. Generally the data is fed to the input layer with normalized form. Normaliz
makes the regression easier if the there are huge variations among the input data. Th
class of layers is the hidden layer. The hidden layer neurons do the largest amount of
the network. They extract the patterns from the data and analyze it. The third type of
the output layer. The neurons in the output layer is resporieibfimal processing of the dai

and presenting the results.

Based on the types of neuron interconnectedness and order of the layers, the Al
classified into four main groups. These are silayer feedforward networks, multiplayer
feedforward networks, recurrent networks and mesh networks. Siagkr feedforwarc
network consists of only an output layer. The output layer is the input layer at the sam
This type of neural networks are mainly used in linear regression and classificatbens.

A sample presentation of a sind#ser network is given in the figure below.

X4 Vi
X2 Y2
Xn Ym

Input layer

Output neural layer

Figure 4.4. Representation of a sintiger network (Silva et al., 2017)

The multilayer feedforward networks are more popular and useful type of netw
They casists of an input layer, one or more hidden layers and an output layer. These
networks have gained popularity in robotics, pattern recognition, system identification, «
and norlinear regression research fields. The most used type of-kaydti feedforwarc
networks are MultLayer Perceptron (MLP) and Radial Basis Function (RBF) networks
mentioned above, the number of hidden layers can be more than one. However, this \
can affect the learning capability and convergence of thveomnlet This issue will be describe

in more detail in the upcoming sections. Representation of a midiyer feedforwarc



network is depicted in the following figure.

Input layer
1st Hidden neural DUpaERaIe!

layer

2nd Hidden neural
layer

Figure 4.5. Representation of a midtyer feedforward network (Silva et al., 2017)

The recurrent networks are widalged in areas that utilize tinvariant systems such ¢

dynamic system identification, process control and robotics. In the recurrent networ

output neurons are connected to the input neurons with a feedbackteamngordan, Elmal

and Hopfield networks are popular type of recurrent neural network architectures. Also,

of recurrent neural network called NARX network is utilized for the system identificatior

of this paper. More details about the NARXwerk architecture and training procedure v

be given in the following subections. The following figure demonstrates a recurrent ne

network.

Feedback

Figure 4.6. A recurrent neural network (Silva et al., 2017)



The mesh networks are generally designgdspatially placing neurons to extra
patterns from the data. These type of networks are used in pattern recognition, optin
and graphs. The Kohonen network is one of the most popular mesh network archi

Graphical representation of a meshwaek is given in the following figure.
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Figure 4.7. A mesh network (Silva et al., 2017)

The neural networks can be trained in different manners. They can either be
online or offline. The oftline training is also called the batch trainingthe offline training,
all of the dataset are provided to the neural network at once. The numerical adjustmen
weights are made after all the data is provided to the network. For this reason, at le
iteration is needed to accomplish the I@&agrprocedure in offine training tasks. In the onlin
training, update of the weights are made after each piece of training data is provide:
training sample can be disregarded after they are presented to the network. Training
ANN in an onlire manner should be made more carefully. Because the new training d:

disrupt the behavior of the network and make the previous data reduntant.

A neural network can be trained with three different learning algorithms. Thes
supervised learningunsupervised learning and reinforcement learning. The super
learning procedure can be thought as learning with a teacher. The neural network

information about the environment initially and the teacher has knowledge abol



environment. The amonment information of the teacher can be thought as optimum

and output data combinations. The following sums up the supervised learning procedur

Vector describing
state of the
environment

Environment » Teacher

Desired
response

/ Actual L
Learning | FeSPOnse
g
system - E

([

Error signal

Figure 4.8. Supervised learning procedure (Haykin, 2009)

It can be seen from the Figure 4.8tttiee environment provides data to both the tea
and the system. The teacher completely knows the environment and provid
corresponding data for the input to the system. The difference between the desired r
and the actual response is fed lbdo the system as the error signal. And the we
adjustments have been performed with the error signal. In other words, the learning
can be interpreted as the system dédemul a

The other two methods do not contain a teacher ststathe learning process. In tl
supervised learning, the environmental data is directly presented to the system without
of a teacher. Therefore, the network needs to figure out the patterns in the data. This
may sound not practical, howayv by presenting the network the number of clusters or
other properties, learning can be accomplished. The reinforcement learning pres:
additional critic component compared to the supervised learning. In the reinforc
l earning, eameasdysthemedlvi ronment by con
inputoutput combination is produced through minimizing a performance index.

reinforcement learning procedure is depicted in the following figure.
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Figure 4.9 Reinforcement leang (Haykin, 2009)

As can be seen from Figure 4.9, the critic converts the primary reinforcement sigr
heuristic reinforcement signal and provides the information to the learning system. Th
object of the reinforcement learning is minimizitige costto-go function. The minimizec

costto-go function results in optimal actions combination to reach the objective.

4.2 Training of an Artificial Neural Network

A basic part of an ANN is the perceptron. Each neuron that consists of an adtes
activation function is called a perceptron. The most basic type of ANN is called the ADA
network. ADALINE network consists of only one perceptron in one layer and mostly us
pattern recognition applications. Practicing with an ADALINE netwsri& good way to sta
to understand the fundamentals of training an ANN. Presentation of an ADALINE netw

depicted in the following figure.

block

Figure 4.10 ADALINE network (Silva et al., 2017)



The ADALINE perceptron adds all the weighput multidications and adds the bia
Then, the result is passed through an activation function and the output of the net
produced. This process is mathematically expressed as follows,

6 B wuvL — (4.3)

w Q6 (4.4)

wherex is the input datay is the weightd is the bias and(.) is the activation function
Knowledge of the error signal is needed for training the network and adjusting the w
The error signal acabe mathematically formulated in a supervised learning manner as fol

Q Q w (4.5)

wheree is the error signal and is the desired output can be thought as the outg
knowledge that the teacher provides inshpervised learning problems. Since the ADALII
network is generally used for linear regression problems, the activation function is ge
selected as step or bipolar step function. Furthermore, the weights and biases can be
by applying the fhowing equations,

0 0 1 Q oww (4.6)

— — 1Q 0 p (4.7)

where thec superscript means the current valpeuperscript means the previous va
andu s the learning rate. The learning rate must be chosen very carefully. For higher va
the learning rate, the algorithm may jump over the global optimum and converge to
minimum. On the other hand, for lower values of the learning rate, the aigontay
converge to global optimum very slowly, thus may require too many iterations to convel
each iteration, the weights and the bias must be updated in order to make the error sig!
to zero. The ADALINE network or perceptron training algarititan be summarized as t

following figure.



Begin {PERCEPTRON Algorithm — Training Phase}
<1> Obtain the set of training samples {x*};
<2> Associate each desired output {d*} to each sample;
<3> Initialize vector w with small random values;
<4> Specify the learning rate {n};
<5> Initialize the epoch counter {epoch < 0};
<6> Repeat the following instructions:
<6.1> error € “none”;
< <6.2> For all training samples {x'?, d*}, do:
k)

T

<6.21>u «w' - x{

< <6.2.2> y « signal(u);
<6.2.3> If y = d®)

ww+n-(d5—y). x*

<6.2.3.1> then
error « "existent"

<6.3> epoch € epoch + 1;

\  Until: error € “none”
End {PERCEPTRON Algorithm — Training Phase}
Figure 4.11 The ADALINE training algorithm (Silva et al., 2017)
The next step of the learning phenomenon of an ANN is the backpropogation alge
The backpropogation algorithm is used mainly for teachirdataset to a mullayer ANN.
The process of backpropogation algorithm starts with initializing the values of the weig
biases (Rojas, 1996). Suppose that there is a trainingsséb M ho B  which consists
of spesific patterns of inputs amitputs. And the activation functions of the neurons
differentable and continuous. Assume that the output of the ANB. i¥hen, the mair

function to be minimized can be formulated in least mean squares terms as,
O -B == o£ (4.8)
The minimized form of the above function is propogated back to the network ai

weights and biases are adjusted accordingly to minimize the error for a given datas

network should distinguish a new data from ldeened dataset.



Figure 4.12 Propogating the error (Rojas, 1996)

For eacht, there is ark; is calculatedEachof the objective function is added up ant
total errorE is formed. The error is mathematically formulated as follows,

0O 0O O E © (4.9)

Main objective in training an ANN is adjusting the weights and biases to makeah
low as possible. The only way to adjust the weights in the network is calculating the gr:
of E for each weight and backpropogating the derivatives. Mathematical representation

gradients is as follows,
n0O —h—h—mMh— (4.10)

Adjustment of the each weight and bias at each iteratioriaslated with the following

equations,
Y0 C— (4.11)
y— C— (4.12)

whereQis the learning rate and the reason it is negative because the optimum |
always in the negative direction of the gradient. Once the numerical values of the gradi
calculated, the weight and bias value combinations that make the error gesdl@®cn be
obtainable.

The backpropagation algorithm consists of two basic steps. These are tfienfiesed
and the backpropagation phases. In the feedforward case, the input is fed to the netv
propagated through the output. The derivativeshe functions are also computed in tl

phase. In the backpropagation step, the network is employed through backwards. The



the output node is propagated through the input nodes by taking into account of the det
of the activation function For example, if we focus on one of the weights, assumeviha
And | etds assume that t he ox € first derivative ab the

output node is computed as follows,

— € (4.13)
If we consider the backpropagated error at thk bode ash then the derivative to b

backpropagated in that node is,
— & (4.14)
And the weight update values can be calculated as fqgllows
Y0 ‘€ (4.15)
At each iteration the weights and biases will adjust themselves and lead to
predictions. The above mentioned mathematical case of backpropagation can be sun

as the following figurewhere the left side of thgth output unit is the derivative of tr

activation function.

backpropagation

—

backpropagated error up to unit j

(2) (2) (2)
0; (1_01 o; —t;)
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i

i-th hidden unit quadratic error of the

Jj-th component

J-th output unit

Figure 4.13 Backpropagation in a chain of nodes (Rojas, 1996)

4.3. Nonlinear Autoregressive Exogenous (NARX) Network

NARX is a type of recurrent neuraletwork. It is a generalization of autoregress
equations (Boussaada et al., 2018). NARX is an effective tool fodimesr timeseries
identification, particularly dynamic systems. NARX network is also used in this thesis f
identification of thenonlinear system. In order to correctly predict the next time output
current time input and output is fed to the network with the previous time input and ¢
The following figure summarizes the two different architectures of the NARX network.
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Figure 4.14 Different architectures of the NARX network (Boussaada et al., 2018)

In the parallel architecture, the next time output is calculated from the current time
and previous time output predictions. In the sepasallel architecture, theemt time output is
predicted by the current time and previous time input and outputs. The-amadis|
architecture is more favorable compared to the parallel architecture because of its a
converge much faster and it can be trained by in feedial backpropagation manner. F
this reason, the serigrrallel architecture is used in this thesis for the identification oi
system. Finally the mathematical representations of the gmraefliel and paralle
architectures are respectively giverthe following equations,

(b(‘)fn’)c‘)v p 8 Frbvbv ¢ h
wo phwohwd pMBhwo €
(b(‘)frb(‘)v p 8 Frbv()v ¢ h
Wwo phwohwo pMBho ¢

wherewis the predicted outpuy is the outputx is the inputf(.) is the neural networl

wo p (4.16)

©o (4.17)

function andhp, andna are the output and input delays, respectively.



5. MODEL PREDICTIVE CONTROL

5.1. Introduction to Model Predictive Control

Model Predictive Control (MPC) algorithms were improved from the optimal co
theory first developed in 1950s. By the end of 1970s first MPC algorithms began to fin
place in the literature (Findelsen et al., 2007). The chemical industry quadtiyeal the MPC
due to its simplicitiy, effectivity and requirement of only a step input identification o

system which leads to easier models of the system.

MPC is assumed as a developed method for controlling the systems that are lin
have sbw dynamics. Other systems, such that the ones have nonlinear, fast evolving dy
are considered to be beyond the realm of the MPC. However, recent studies in the i
showed that the MPC algorithm is applicable to nonlinear, hybrid, fast egotiyinamics
systems. In the industries, many processes are nonlinear. However, MPC algorith
mainly applied to linear or linearized processes. There are two reasons for this prefere
first one is, identification of a linear system is easy are dbcond reason is, if the ple
operates around the linearized working point, the linearized system gives precisely true
Furthermore, if the system is linearized, it creates a convex objective function that is e
optimize for each time gbeand these kind of objective functions are well established
studied over time for the commercial products. If the system is not linearized arc
working point and constraints are assumed as nonlinear, then a Nonlinear Model Pr

Controller (N\MPC) is utilized to control the system.

For most of the processes in the industry, the system is nonlinear and the workin
of the system changes much often. NMPC are not frequently used in the market, how
has applications on some produtttat has high nonlinearities and change of operating pc
Today, NMPC applications are growing due to advances in technology and computing
and seems to have a promising future for future products. However, NMPC algorithr
also some drawback®mpared to their linear counterparts. Solution of a nonlinear obje
function is much harder compared to a convex objective function. Also, finding the

optimum of a nonlinear problem is not always guaranteed.

As described above, different kindl system models can be used for the identificatio



the system. Nonlinear models are generally difficult to construct since there are no knc
about how to cover all the nonlinearities in the system. Another problem is, it is not ge
known whch parameter to include to the model. Nonlinear models overall can be divide

mainly two categories. These are irjputput models and the stadpace models.

Inputoutput models can be percieved as mapping between the state inpi
correspondig output at the following time step. This kind of models are generally disc
time. A general representation of this kind of models are nonlineasregitessive moving
avarage model with exogenous input (NARMAX). Mathematical description of a NARI
mocdel is given in the following equation,

O VO pMBHOQ ¢MTQ pMBMHTQ ¢HQ pMBHQ ¢ (5.1)

wherey is the outputk is the discrete timey is the input,e is the error and is the

mapping function.

Volterra models are the first claseahe first type of nonlinear model templates wh
became highly successful in linear MPC field.They generally resemble the Taylor
expansion of a model. The mathematical representation of the Volterra models are as ft

®Q w B Qa6 & B B Mo ™®Q O (5.2)

The first term afteyo is the linear term and the remaining term adds the nonlinearity
equation. The other type of nonlinear model is the local models. The main idea of th
models is driding the curve into local linearities. The advantegous part of the local m
compared to neural networks are they are not Hback and relationships between t
parameters can be seen clearly. The nonlinear model is divided into submodels al
stbmodel can be thought as a linearized system. Mathematical representation of tt
models can be depicted as follows,

OQ p QOFTQ B Q*Qh “Q (5.3)

There areM submodels in the nonlinear model arid the basis function. The bas
functions decide to include the submodel approximation into the nonlinear model.

The ANNSs are one of the most utilized nonlinear models in the MPC algorithms.
are able to seize the nonlinear dynamics of the systenmandeé! it in a blackbox fashion.
Since ANNs are universal approximators, they can model any nonlinear system witl

Large scale success of the ANNs in the MPC applications have paved the way for uti



of ANNs in many appliances in the industrydanonsumer products. The applications
ANNs to MPC algorithms will be widely covered in the upcoming subsections since th
study in the following chapter will utilize an ANN for the identification of the nonlir

system.

The linear statspace mdels can be modified to cover nonlinear dynamics of

system. A nonlinear system can be represented in thespi@te form with the following

equations,
©®Q p OnQMTQ (5.4)
wQ 0n0Q (5.5)

Wherex is the state vector arfflandG are the nonlinear mappings. It should be noti
that if the differential equations that represent the dynamic behavior of the system is
then the differential equations can be convertethéoabovedescribed equation form. Tr
most used form of statgpace representation is Piece Wise Affine models. They divids
nonlinear model into local linear models and process them seperately. Mathematica
Piece Wise Affine models can be shoasfollows,

©Q p 60Q 667 M (5.6)

5.2. Nonlinear Model Predictive Control

The basic idea of the NMPC algorithms are, at an samplingKirttee behavior of the
system is optimized over a time horizog1,23 , . . . , M ( Gr ¢ne and F
sequence of the inputs over time is calculated to make the system follow the re
trajectory stably. The basic idea and block diagram of the NMPC algorithm are depic
Figure 5.1 and Figure 5.2, respeely.
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Figure 5.1. The NMPC algorithm (Nguyen arczerbickj 2009
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Figure 5.2. Block diagram of a NMPC algorithm (Yakub, 2013)

Assume that the plant is formalized as follows,
o TOwh’ (5.7)
The states and the inputs are generally limited with constraints. Limiting the state
constraints makes the control problem more sensible. For example, a mass can not nr
metres in around 0.1 seconds. Also, most of the time the inputs and tige afanputs are
limited with constraints. For example, a force acting on a mass can not change from 2

to 5000 Newton in a small time step. These constraints are depicted as follows,

0 6Q & o6 ,m=123,..,01 (5.8)
N6 Yo'Q & Yo ,m=1,23,..,01 (5.9)
0 ©Q 4 ® ,m=123,..,A8l (5.10)

Where min and max superscripts show the minimum and maximum notati
respectiely. Thereafter, the objective function of the NMPC algorithm can be formaliz:

follows,
O B w Q asQ ® Q asQ B Y6Q 4sQ (5.11)
WhereQis the weighting factor angp us the input increment. The input ieenent can

be formalized as follows,



YoQ p 670 p 0671 (5.12)

The input sequence can be predicted by optimizing the objective function consec
for the each time step. With the above mentioned definitions, the basic NiB@hm for
the constant state reference trajectory can be algorithmically represented as follows,

1. Obtain the states of the system.

2. Minimize the objective function given in Eq. (5.11) subject to constraints ¢
in Egs. (5.8) (5.10).

3. Calculate the agmum input and apply it to the system.

4. Jump to the next time step and return to the first step of the algorithm un
last time step has been reached.

The algorithm must be feasible for implementation. That means, for each time ste|
must be a optimal input available. For the each time step, newly calculated inputs m
supplied back to the system as the state feedback law.

5.3. Utilization of the Neural Networks in Model Predictive Control

The ANNs are widelused for the modeling of the system to be utilized in v
(Nguyen andSzczerbicki 2009. General representation of a Nonlinear Auto Regressive
External Input (NARX) model can be depicted as follows,

®Q Q0 pBMNQ tBQ pMBIQ ¢ (5.13)

Wheren is the previous time values of the inputs and the stated and nonlinear
function that can be thought as combination of activation functions. Generally, Multi
Perceptron (MLP) and Radial Basianction (RBF) architectures are utilized for the mode
of the nonlinear systems since both of them are considered as universal approx
Furthermore, they both have less parameters to be tuned and both have simple st
Block diagram represntation of a Neural Network Predictive Controller (NNPC) is show
Figure 5.3.
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Figure 5.3. Block diagram of a NNP@4gsickaninoveet al., 201}
As can be seen from the Figure 5.3, at first, the neural network model is trained w
inputoutput data of the plant. Thereafter, the objective function that is given in Eq. (5
formed with the outputs of the neural network model and the olgeftthction is optimized a

each time step.

The output of the MLP model can be mathematically depicted as follows,

©Q 0 B 0] a7 (5.14)

WhereUis the nonlinear activation function,is the number of neuns in the hidder
layer andz is the sum of the inputs of the neural network. Valueaain be calculated as,

AaQ 0 B 0;60Q° p QB 0; QN (5.15)

Where O is the time delay. RBF method utilizes Gsios activation function in th
hidden layer neurons. Mathematical formulation of the output of a RBF is given below,

®Q 0 B 0QOASHQ OS (5.15)

Graphical demonstration of a RBF is given in Figure 5.4.
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Figure 5.4. RBF neural network (Faris et al., 2017)

In the NNPC, nonlinear models such as MLP and RBF are utilized to calculate
predictions of the states. Afterwards, these predictions are utilized for the calculation

future optimal inputdo the system in the objective function. Future predictions of the ¢
can be calculated as,

W Q asQ 0Q asQ Q0 (5.16)
Whered is the disturbance to the system grsliperscript shows the predicted state.
utilizing the predictions in the objective function, Eq. (5.11), the NNPC algorithm turns
dynamic nonlinear optimization problem. As discussed in Chapter 3, there are various
modern nonlinear optimization techniques that can be applied to dudveptimization
problem. The traditional techniques may stuck to a local minimum and cause the inter

of the algorithm. However, modern techniques can overcome this issue and run the al
smoothly.



6. NEURAL NETWORK PREDICTIVE CONTROL OF A VAPOR
COMPRESSION CYCLE

6.1. Fundamentals of Vapor Compression Cycle Control

As discussed in the other chapters, a basic Vapor Compression Cycle (VCC) cor
four components. These are the compressor, expansion valve, evaporator @ensen
Schematic representation and pressmalpy diagram of a vapor compression cycle
depicted in Figure 6.1.

(a) (b)
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Figure 6.1. a) Schematic representation of a VCC b) Pressthalpy diagram of the VCC
(Wen and Mishra, 2018)

Basically, four diferent processes occur in a VCC. These are, isentropic comprt
process in the compressor, isobaric condensation process in the condenser, is
expansion process in the expansion valve and isobaric evaporation process in the e\
(Wen and Mshra, 2018). To ensure the stability and optimal operation of the VCC syz
effective control systems can be developed. The control strategies should be e
particularly during startip of the system and changing of the operating conditions. t\dari
of the compressor motor speed and openness of the expansion valve can directly a
mass flow rate of the refrigerant and change the performance and load of the
immediately. On the other hand, change of the external temperature cathaffcttem mort
slowly.

Many of the industrial and household HVAC systems have long-igtatimes
(Rasmussen and Alleyne, 2006). For this reason, singlé singleoutput (SISO) or bang
bang type of controllers had been developed for the HVAC sgspeimarily. However, it ha
been later realized that babgang control l ers | imit the



unnecessarily large amount of power during the -sfartransients. Also, SISO controllers

not perform well due to not considegirtrosscoupled nature of the VCC system dynami
Applying multivariable control algorithms can be a good alternative to the liamg or SISC
algorithms. The multivariable control algorithm can control more than one inputs

optimizing more than onebjective simultaneously.

To optimally operate a VCC system, tywbase flow portion in the evaporator must
maximized. The twgphase region in the evaporator is where the most of the heat tr
between the refrigerant and the secondary fluid occthss, it can be concluded that t
cooling load of a VCC is heavily dependant on the length of theptvese region in th
evaporator. However, to ensure the stability of the cycle and the compressor, the ref
entering the compressor must be ipeaphase. Therefore, most of the time, the super
temperature is arranged as 5AC above t
receiver.

Generally, implementing various control objectives at the same time is cons
impractical for he HVAC systems. This kind of complex algorithms are only applied to |
industrial processes where the economic benefits of implementing these algorith
significant. As discussed above, applying multivariable control strategies to the VI
HVAC systems can be a great alternative to other complex control strategies since they
extensive paremeter tuning. Multivariable control strategies can be easily applied to |
models and can effectively optimize different control objectives simutastg such as
maximizing COP, minimizing compressor work, maximizing second law efficiency, etc..

6.2. Dynamic Modeling of the Heat Exchangers

Heat exchangers can be of many different types by their tube design, size and d
of the fluid flow insde the tubes (Figure 6.2). It is intended to optimize the work of the
exchangers in the VCC where various phenomenons that happen in the components
different performance outcomes. For this reason, various modeling approaches ha
appliedto the heat exchangers.
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Figure 6.2. Different designs of heat exchangers (Wen and Mishra, 2018)

6.2.1. Multi-phase Flows in the Heat Exchangers

Evaporation and condensation processes that occur in the heat exchangers are
source of the heat transfer in the VCC. For this reason, this processes must be modele
and carefully with taking into account of heat exchanger geometry, stzes@ne othel
properties. Demonstrations of some types of apliise flows are given in Figure 6.3. So
commercial packages can model the mpiftase flow in a heat exchanger accurat
However, control of a VCC system can not be carried out with thieskedf approaches

Stratified Flow Bubble/Plug Flow
Wavy Flow Annular Flow

Slug Flow Spray/Misty Flow

Figure 6.3. Different types of mulgihase flows in the heat exchangers (Wen and Mishr
2018)

For the reasons described above, more simpledonensional uniform flow model



are considered for the modeling of the heat exchangarsier models utilized the lumpe
parameter approach for the modeling of the whole heat exchanger. However, this appre
not result in favorable outcomes. Modern approaches relies on discretizing the heat ex
into smaller pieces. The modernpapaches result in more favorable outcomes while ha
the burden of extensive computational load. The two modern approaches that are widt
in the literature are Moving Boundary (MB) and Finite Control Volume (FCV). These
approaches are briefldescribed in the Chapter 2. More detailed descriptions of |
approaches have been given place in the followingssghbons.

6.2.2. Fixed Control Volume Approaches

FCV approaches can be accomplished by two ways, one is dividing the heat exc
into pieces and taking the avarage values of the each divided part and the second is
discretizing the differential equation. This kind of approaches can model the heat t
taking place in the heat exchanger precisely. The downside of the FC¥aapgs, it may
require high computational power to calculate the outcome. A demonstration of a disc
condenser with the FCV method is given in Figure 6.4.
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Figure 6.4. Discretized heat exchanger (Wen and Mishra, 2018)

Following steps have bedollowed for the modeling of the condenser,

fConservation of the mass along the heat exchanger tube is determined by using
(6.1).

fConservation of the energy along the heat exchrahgee is extended in terms -
enthalpy and pressure.

fConservation of the wall energy is given in Eq. (6.4).



Following formulas can be utilized for the modeling of the condenser,

4 § & -6 (6.1)
4 606 "0 0 (6.2)
0=6 Q a0 nf a6 a —0 —0Q (6.3)
no1 oYy Vg (6.4)
no| 8°Y i "Yj (6.5)
Or A N (6.6)

The above given equations can be transformed into the following form,
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Wherek is the number of discretized volumes. Using more than twenty control vol
gives acceptable results according to the literature. Also, utilizing more control vo
results in more computational load.

6.2.3. Moving Boundary Model

The Moving BoundaryMB) method utilizes lumped parameter for the each phase i
heat exchanger instead of the FCV method which divides the heat exchanger into smal
volumes and accomplish the calculations for the each volume. The boundaries t
dividing theeach phase are assumed to twagant in the MB method. MB representation c
condenser is given in the Figure 6.5. The main idea of the MB method is capturi
dynamics of the boundaries between the phases at the same time having as low as as|

possible.

To achieve the formalization of the MB model of a condenser, analyzing the beha
a singlephase heat exchanger is a sensible approach. Demonstration of a simplphsisg
exchanger is given in Figure 6.6. Following assumptions leeen made during the M
model development (Rasmussen and Alleyne, 2006),

fThe heat exchanger is double pipe type and the tubes are horizontal and long en:

The flow in the heat exchangs onedimensional.

fAxial conduction phenomenon in the heat exchangers is insignificant.



fPressure drop accross the heat exchanger that occurs due to friction is neglected
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Figure 6.5MB depiction of a heat exchanger (Wen and Mishra, 2018)
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Figure 6.6. Singlphase heat exchanger (Rasmussen and Alleyne, 2006)

The general partial differential equations (PDE) that representdhservation of
energy and mass can be reduced ortedimensional equations by taking above descri
assumptions into account. Following equations describe the general behavior of the ref

energyand mass conservation and the tube wall energy conservation,

7
—, 39 (6.8)
z ¢
~— z00 z|] = (6.9)
ey (6.10)

IS =|]| =|= Em (612)

By employing Leibnizds equation on

J| »all 1l +uum . J|=|=§f§s§é§




ordinary differential equations or grouped into the matrix (stgace) form. The mai
conservation of refrigerant mass equation for a sipgkese heat exchanger can be formali
as in Eq. (6.13). By applying integration to the formula along the tube, thea@ygtratisforms

i nto

Eq.

(6.14).

Then

t he

equation tr

equation. Finally, dividing the calculation into seperate thermodynamic variables and

the conservation of mass results in Eq. (6.20).
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The main conservatioof refrigerant equation for a singphase heat exchanger
given in Eg. (6.21). The equation is integrated along the tube and Eqg. (6.22) is ok

After war ds,
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the thermodynamic properties into syiooperties and rearranging the equations, Eq. (6.3

found.
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(6.27)

(6.28)
(6.29)
(6.30)
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Conservation of wall energy can be formulated with the Eq. (6.32). By integratir
equation along the heat exchanger tube and rearranging the equation leads to Eq. (6.3¢

Fud = +¢t ] ST R TR TN TE N i (6.32)
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Collecting all equations into one matrix equation form results #ea -H— type of
eqguation. The equation is as follows,
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T
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TheZ coefficients can be calculated by using the equoatdepicted in Figure 6.7.
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Figure 6.7. The& coefficients (Rasmussen and Alleyne, 2006)

Afterwards, the MB model of a condenser can be accomplished by referencing
6.5 with the equations given below,
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Some of the parameters that artdized in the equations above can be calculate

follows,
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The above given equations can be grouped into matrices and feren aﬂ- type
eqguation. The equation is given as,
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For the solution of the equation, tAemust be inverted. The inversion pess can be
achievable as long as all phase regions exist, so that valges aind#.. are greater tha
zero. Generally, for the singfghases the avarage lumped parameters are considered
calculating the thermodynamic and thermophysicaperties for the region. However, for tl
two-phase region this consideration does not hold. A void fraction is calculated and t
during the analyze of the twghase region. The void fraction can be described as ratio ¢
vapor volume in the regioto the total volume of the region. Avarage lumped properties c
two-phase region can be calculated with the following equation,

ze- b za b 7 ozoikbia
(6.49)

Various type of experimenritaorrelations are given in the literature to calculate the n
void fraction(Wen and Mishra, 2018). Generally, there are small differences between th
and MB methods due to lumped parameter employment strategy of the MB meth&C\'t
method comesup with more accurate results. However, modifications can be made
lumped parameter calculating strategy of the MB method to find more accurate results.

6.3. Case Study of Designing a Neural Network Predictive Controller for a Vapo
Compression Cycle
A basic vapor compression cycle (VCC) consists of four different components:



evaporator, condenser, expansion valve and compressor. Static relationships are often
for the modeling of the compressor and expansion valves due to captwehgaster
evolving dynamics compared to the heat exchangers. And the modeling of the heat exc
in a VCC is most often done with two different approaches that are also described befol
this thesis. They are the Finite Control Volume (FCV) andikiyp Boundary (MB)
approaches. The FCV method employs fhsiteed control volumes that divides the heat
exchanger into small pieces. The thermodynamic and thermophysical properties of the
each piece are considered and calculated seperately.ddamyercial software packages
relies on the FCV method and its ability to precisely calculate the outcome of the heat
exchanger. On the other hand, in the MB method, each phase of the refrigerant in the h
exchanger is evaluated as a seperate controinelirhe thermodynamic and thermophysic.
properties of the refrigerant in these regions are calculated as an avarage lumped parar
The boundaries that seperate the each phase are consideredwasyinge Many studies in
the literature compared th€F method and the MB method and they found out that the F
method comes up with more accurate results but has much more computational load cc
to the MB method. The studies concluded that the MB method is a favorable alternative
FCV method (Ramussen, 2005; Rasmussen and Shenoy, 2008). The MB method is util
for the modeling of the evaporator and condenser in this case study. A sample demonsi
of a VCC modeled with th®1B method is given in Figure 6.&or simplfying the system,

componats such as accumulator and receiver are not included to the system.

The cycle employs R134a as the primary fluid and the water as the secondary fiL
the heat exchangers. Furthermore, the temperatures of thieehmgkrature and low
temperature eser voirs are taken as 27AC and 7
al., 2014) are utilized for the determination of the thermodynamic and thermophysical
properties of the fluids. The temperature of the Heghperature reservoir is takenths

environmental temperature during the exergetic calculations.
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Figure 6.8 A demonstration of a VCC modeled with the MB method

The compressor is considered as a posidigplacement compressor and the expan
valve is considered as an electromgpansion valve (EEV) in this case study. Sti
relationships are utilized for the modeling of the EEV and compressor in this case study
having much faster evolving dynamics compared to the that of heat exchangers. As di
before, the compress is considered as adiabatic and 4&entropic while the EEV i
considered as isentropic and isenthalpic. The mass flow rate of the refrigerant
compressor is calculated as follows,

& N AN - (6.50)
The volumetric efficiency of the compressor is calculated with the following correl
(Jain, 2013),
- TUPGCXTBNMIGXPYP T8l 0 p 004
o8I C GPT &  O— PP WWRT |
TBITT Y p QU—§- (6.51)

The output temperature of the refrigerant from the compressor is calculated w
following formula,

i (6.52)

h

The isentropic efficiency of the compressor is calculated with the following equatio



- P8t T T+— (6.53)

Electrical and rachanical efficiencies of the compressor are respectively taken a:
and 0.9. Work consumption of the compressor is calculated as,

W a Q Q i (6.54)

Finally exergy destrumn of the compressior is calculated as follows,

O 5 Y& i oo B (6.55)

The photo of a copressor is given in Figure 6.9.

Figure 6.9 Photo of a compressor (Rasmussen and Alleyne, 2006)

The refrigerant mass flow rate in the EEV side of the cycle is determined as follo

Do=|=l0=o=|=l|=@=|=lo||'o=|=ﬂ§§b- ||'o=|=i|o(><

(6.66)
Discharge coefficient of the EEV is calculated as follows (Jain, 2013),
e 8 e 8 e et 8 e eh.
- 8 o eoxdoL |k 8 o of
(6.67)

The rate of exergy destruction in the EEV is determined as follows,

J—'-.b+lo JIHDO:F-%:F*V‘O v<)=|=ﬁ004
(6.68)

Finally, photo of an EEV is depicted in Figure 6.10. The MB model ottlagorator



consists of three seperate regions: the shpated region, twphase region and stdooled
region. The evaporator and condenser models are given in Figure 6.11.

Figure 6.10. Photo of an EEV (Rasmussen and Alleyne, 2006)
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Figure 6.11 TheMB models of the evaporator and condenser

The design properties of the condenser is taken as follows, the tube length is 1¢
outer and inner tube diameters are taken respectively as 18 mm and 12 mm and wall t
of the tube is 2 mm. The walld the condenser is considered to be made of steel and
(1984) correlation is utilized for the modeling of the condensation process and Fauske
correlation is used for the calculation of the mean void fraction. The equations that mo
consenration of mass for the each region in the evaporator as follows,
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Energy conservation equations for the each regieraarfollows,

$Z4. m gz, om Whio =

I% . + .
L, ., — i,
#lhee . -I%FD o gl m e W, m B h WLy, W h

o - fpeam g 2 ey ol
b m - Tp e, B AT
ar

Zgo iy im Zog b sTyom Op ol oD e mbaa




S, -zI—JLL"—h- J| [ J| (] (6.72)
e =h =|<n<'|.;{:-:i:qll;nl '|>ﬂn- .

]

ZotdtmZa b T m ZopoZa 2. e :ITDI.--A 7
=z .Io -5

e e w0 e b ia T e b

=|JL

SRR T .hI—“— B Ll .M -||,ﬂn . . (6.73)
424, .m fz4. .om "hoa 5 "k 3

#lhe. . "L. .;m " L. o WL, . I%Ifn L _-”_#n %J”Eu -HH

=lu. . . w - #24. e |

'||' # IJIIf - «HE ||'J"':

Zu |- addte -ﬁ*{ a -ﬁI=J=|JLn -HM =|JLn Al D g =L “a
DO+.II>+.O)'JLD.=ILD.h.'-5<_D 4. L - J||..|]D.- (6.74)

- N T
||=u Hl ZJIIFD HE Jllr\: Ih*lr\: . B

Conservation of energy equations for the wall that contants with the each refri
phase are as follows,
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Total exergy destruction of the condenser is calculated as,
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The above given equations can be grouped and solved as the following matrix e

form,
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TheZ matrix elements are depicted in Figure 6.12 Riggire 6.13.
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Figure 6.12Z matrix elements (Rasmussen and Alleyne, 2006)
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Figure 6.13Z matrix elements (Rasmussen and Alleyne, 2006)

The evaporator has two refrigerant phases-pivase and supéreated regions. Th
design properties of the evaptor are considered as follows, the tube length is 13 m, the
and inner tube diameters are taken respectively as 18 mm and 12 mm and wall thickne
tube is 2 mm. The wall of the evaporator is considered to be made of steel. The eva)
process is modeled with Gungor and Winterton (1986) correlation and the mean void f
is modeled with Fauske (1964) correlation. The conservation of mass equations
refrigerant are as follows,
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The conservation of energy equations of the each refrigerant phase in the eve
are,
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The conversation of the tube wall energy formulas are,
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The rate okxergy destruction in the evaporator is calculated as,
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The above given equations can be grouped into the matrix form as follows,
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The elemets of the matrixZ are given in Figure 6.14. The cycle cooling load
determined as,

e - w04 oo 0=Do talao figuo (6.88)
The total exergy destruction rate of the cycle iswaked as follows,
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Figure 6.14Z matrix elements (Rasmussen and Alleyne, 2006)

The COP and second lafficiency of the cycle are calculated as,
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Aspen software (Aspen, 2013) idilized for the verification of the cycle mod
described above. The tinvarying data of the state variables with respect to the randc

generated inputs are compared with that of the Aspen Plus Dynamics. Aspen Plus isa

leading software packagatilized in the industry and chemical plants that model
thermodynamic processes. Same as the MB model, R134a is used for the primary fl
water is utilizedas the secondary fluid. The desing properties of the components that al

in the VCC fa the model verification is as follows, the condenser tube length is 15 n

outer and inner tube diameters are taken respectively as 18 mm and 12 mm and wall t
of the tube is 2 mm. The evaporator tube length is 9 m, the outer and inner tubteiaare
taken respectively as 18 mm and 12 mm and wall thickness of the tube is 2 mm. Botl
heat exchangers are considered to be made of steel. And thé&igérature and low



temperature reservoirs ar eBothtbedP madel systeenlam
Aspen system are perturbed with randompdnerated signals over a period of time.The

system is simulated in the Python environment. Randgmaherated perturbationgsals are
shown in Figure 6.15And the comparison of the thredessted state variables as a result
the perturbationsignals are given in Figure 6.1@8he selected state variables are

evaporator pressure, evaporator outlet enthalpy and compas$etlr entropy. Figure 6.1
shows that the results are fairly siaril The highest variance between the two models occ
the evaporator pressure by 1.7%.

Perturbation signals for the model validation study
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Figure 6.15Perturbation signals to the systems
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Figure 6.16 Model verification results of the state variables

A Model Predictive Controller (MPC) type of controller is utilized to control
system. As described and discussed in Chapter 5, MPC is a class of optirbasgdncontro



algorithms that are widely used in the industry, especially in the chemicasges: MPC
algorithms are appliciable to both linear and+liopar systems. It has been realized that if
MPC algorithm is applied to a ndmear system, the performance and accuracy of
controller is improved compared to that of linear systemkecfen of the model type is
crucial part of the MPC algorithm. As discussed in Chapter 5, different kind of models
utilized as the model in the MPC algorithm. The artificial neural network is used as the
in this case study. The neural netk® has some advantages compared to otheilimear
models. Some of the advantages of the neural networks are: they have less paramet
tuned compared to the other models, they form a direct relationship between the inp
outputs, they are uwmersal approximators. The Neural Network Predictive Controller (NN
is utilized in many works in the literature and performed well in all control scenarios.

The neural network model is utilized for the prediction of the future states i
NNPC. Anobjective function is formed and solved with an optimization algorithm for
each time step to determine the future control signals. The future control signals op
satisfy the performance criterion while ensuring the trajectory tracking of thensy3he
objective function can be formulated as follows,
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The objective function given above is subject to following constraints,
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There are four different controllers that are considered for the testing of the ¢
controller performance. They are the cooling load case, first law efficiency, entropgtgsn
and second law efficiency controllers. The objective of the cooling load controller is tc
track the desired cooling load trajectory which also is used as the main benchmark co
The other three controllers have specific objectives attem the common main objecti
which is the cooling load trajectory tracking. All of the controllers have been named afte
specific performance objectives. For example, the objective of the first law effic
controller is to optimize the work camsption of the controller, thus maximizing the COP
the cycle while ensuring the stable cooling load trajectory tracking of the cycle. Th
controllers can be formalized as follows,

et Imav 1 (6.97)
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The Whale Optimization Algorithm (WOA) is utilized for the solution of the objec
function of the MPC controller at the each time step. The WOA is described in de
Chapter 3. T WOA is a swarnbased naturspired metaheuristic algorithm that mimi
the hunting behavior of the humpback whales in the nature. The algorithm has fa
exploratory and explotation characteristics and can search large search spaces effeai
algorithm mainly consists of three phases: encircling prey, buidilattacking method an
searching for new prey. Encircling the prey represents the exploration phase of the al¢
bubblenet attacking method represents the explotation phase oflgweithm and the
searching for new preys represents the looking for new possible solution behavior
algorithm.

Inputs Layer 1 Layer 2 Outputs

ReLU Linear
activation activation

Figure 6.17. Main structure of the Artificial Neural Network used as the model
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Figure 6.18. The training and validation losseshefANN



Main structure of the ANN used in this study is given in Figure 6IDL means the
tapped delay line which stores the previous and current time information of the ANN i
IWt1is the matrix of weights that connects the input state variabi@ns to the hidden laye
neurons,]W? is the matrix of weights that connects the input signal neurons to the
layer neurons)W?! is the matrix of weights that connects the hidden layer neurons t
output layer neurondy! is the hidden layebiases vector antf? is the output layer biase
vector. There is one time delay at the input neurons and the overall ANN consists ¢
layers, which are the input, hidden and output layers. The ANN has 30 neurons in the
layer, all of them have &.U (Nair and Hinton, 2010) activation function and 9 neurons ir
output layer, all of them have the linear activation function. The ANN is trained
Tensorflow library (Abadi et al., 2015) in an difie manner with the ADAM (Kingma an
Ba, 2015) opmization algorithm. The learning rate of the optimization is heuristic
selected as 0.001. 9000 samples have been collected from the dynamic VCC model
second time intervals and 70% of the samples are utilized as in the training of the Al
remaining 30% of the samples are utilized in the validation of the ANN. The batch size
training samples are selected to be 256. The ANN is trained with nine state variables ¢
inputs. The state variables are the condenser and evaporatdr emitlalpy and entropy
compressor and EEV mass flow rate, compressor outlet enthalpy, compressor outlet
and EEV outlet entropy. The four inputs are evaporator and condenser secondary flu
flow rates, compressor motor speed and EEV openiteg Tdhe ANN training and validatio
errors are depicted in Figure 6.18. At the end of this phase, the normalized training
found to be 0.012 and the normalized validation loss is found to be 0.014. Both vall
assumed as acceptable. Moreovetidation of the three selected state variables, conde
outlet enthalpy, evaporator outlet enthalpy and compressor outlet enthalpy are dep
Figure 6.19, Figure 6.20 and Figure 6.21, respectively. The highest absolute error is o
as 0.2 for he three cases. This error value is assumed to be acceptable and it h
concluded that the ANN fitted well.
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The NNPC controller has been programmed and the simulation has been accon
in the Java programming environment. The control horizon and the prediction horizon
controller are repectively selected as 15 and 5. The number of iterations and the pop
size of the WOA algorithm are respectively selected as 1000 and 40. The objective we
the NNPC algorithm are chosen as 0, 4%100 and 10 for the controllers cooling lodiist
law efficiency, entropy generation and second law efficiency, respectively. The bounde
the control input signals are depicted in Table 6.1. The slew rate limits of the control :
are depicted in Table 6.2. And the desired cooling lcgddtory is shown in Figure 6.22.
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Figure 6.22. Desired cooling load trajectory



Table 6.1. Control signal boundaries

Input limits Minimum Maximum Value|
Value
EEV opening (%) 7 9.5
Compressor speed (RPM) 2000 2900

Condenser secondary fluid mass floate 0.1 0.5
(kg/sec)

Evaporator secondary fluid mass flow rate 0.1 0.5
(kg/sec)

Table 6.2. Slew rate limits of the control signals

Slew rate limits Minimum and Maximum limits in a time
step
EEV opening (%) pNndnp
Compressor speed (RPM) b MAN
Condensesecondary fluid mass flow rate pndnm
(kg/sec)
Evaporator secondary fluid mass flow rate pndnm
(kg/sec)

The GouyStodola theorem is a phenomenon that is wortwhile to be analyzed i
case study. The theorem states that there is no differenceedretthe minimizing the
compressor power consumption and minimizing the cycle entropy generation if the rev
power consumption remains unchanged. In most cases the theorem holds valid, hov
some cases it does not. It will be shown in this casdyshat it does not hold valid for th
case. The theorem can be mathematically represented as follows,

Trmom> V. Faly e Mg e <+ (6.101)
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Figure 6.24. Pairwise trajectory tracking performance comparison of the controller:

Comparison of the trajectory tracking performances of the controllers are depic
Figure 6.23 and Figure 6.24. It can be seen from the figures that most significant diffe
occur around 470V stabilization point. The overshoots that occur at thggimeng and end o
the 470W stabilization point have a major impact at the controller performances. The va
of the control signals over the simulation time are given in Figure 6.25 and Figure 6.26
be seen from the figures that the signalkfo a similar trajectory to that of the cooling loi
and each combination of control signals produce a similar cooling load value. Mor



trajectory of the control signals for the each controller is unique, this phenomenon is t
to be a major caesof performance differences between the controllers.
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Figure 6.26. Variations of the control signals for the each controller

The exergy destruction rates of the each compoofethe VCC is given in Figure 6.2
and Figure 6.28. As some papers in the literature suggests, the compressor is found
component with the highest exergy destruction rate. However, if the working bounds
VCC is modified the exergy destrion rates of the other components can approach to tr
the compressor. Most VCC in the real world employs a pump to circuit the fluids in the
However, in this case study, exergy destruction rate of the pump is neglected due to
much lower &ergy destruction rate than that of the other major components. Furtherma



overshoot that occurs at the beginning of the ¥W@&tabilization point have much

impact on the evaporator and condenser exergy destruction rates.
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The compressor power consumption variation through the simulation time is gi
Figure 6.27. By observing Figure 6.27, Figure 6.28 and Figure i6.287 be realized that th
reversible compressor power consumption does not stay constant. Therefore, &t dslolgy
theorem does not hold for this case study. Total exergy destruction rates of th
component for the each controller are given ibl&e6.3. The entropy generation control
achieved the lowest exergy destruction rates of the component except the evapora
second law efficiency controller is the second best in terms of the total exergy destruct
after the entropy generati controller. The first law efficiency controller gives more desir:
compressor power consumption value than that of the cooling load controller, wr



expected. The exergy destruction rate of the EEV for the entropy generation controller
lower than that of the cooling load controller. Furthermore, the exergy destruction rates
compressor and condenser for the entropy generation controller are respectively 0.
0.4% than that of the cooling load controller.

Table 6.3. Exergy desiction rates of the each component for the each controller

Exergy destruction | Cooling load| Firstlaw | Entropy generation| Second law
rate by component controller controller controller controller
(kJ)
EEV 26.695 26.647 26.506 26.526
Compressor 215.236 215.227 214.832 215.049
Condenser 99.603 99.524 99.261 99.463
Evaporator 16.991 16.870 17.048 17.051

Total exergy destruction and energy consumption rates for the controllers are g
Table 6.4. The best performer in the total exergy desruction rate category is the «
generation controller with 357.64% total exergy destruction. The second besthe same
category is the second law efficiency controller with 358.08tal exergy destruction. Th
entropy generation minimization controller concentrates on minimizing the total er
generation and exergy destruction. However, the second laieerfly controller tries to finc
a comprimise between the work consumption and the exergy destruction. For this rea
entropy generation controller gives better results than the second law efficiency contr
terms of total exergy destruction.Ish, for the bot total exergy destruction and ene
consumption cases the cooling load controller is the worst performer as expected. T}
and second law variations of the cycle for the each controller are depicted in 6.30. A
COP values throughme simulation time for the controllers, cooling load, first law, entr
generation and second law are calculated as 2.96143, 2.96405, 2.97108 and .
respectively. And the avarage second law efficiency values through time simulation ti
the cortrollers, cooling load, first law, entropy generation and second law are calcula
0.33976, 033962, 0.33983 and 0.34025, respectively. The second law efficiency co
performed the best in terms of avarage second law efficiency through the exygeated.



Table 6.4. Total energy consumption and exergy destruction rates for the controllers

Cooling load| First law | Entropy generationl Second law

controller | controller controller controller
Total exergy

358.526 358.269 357.649 358.090
destroyed (kJ)
Total energy

542.815 542.331 540.810 541.847
consumed (kJ)
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Figure 6.29. The compressor power consumption for the each controller
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Figure 6.30. The COP and second law efficieny variations for the each controller

7. CONCLUSION

The HVAC systems is the primary energy consumption source of the col
nowadays. US Department of Energy found out that HVAC systems are responsible f
of the energy consumption of a building. Different approaches have been suggestec
reseachers to reduce this large energy consumption. Dynamic analysis, design optirr
and control are the main approaches that have been offered by the researchers to e
reduce the large energy consumption of the HVAC systems.

Dynamic analysis foa vapor compression cycle is studied as the first part of the tl
The cycle is analyzed with two different refrigerants, namely R134a and R1234yf. R13
widely-used refrigerant in the HVAC systems, however it has high Global Warming Por
(GWP) and Ozone Depletion Potential (ODP) values. Recently, R1234yf has been su
by the researchers as an alternative to the R134a. R1234yf has low GWP and ODF
Finite Difference Method has been utilized for the modeling of the evaporator adenser.
Orifice equation is utilized for the modeling of the expansion valve. Modeling of
compressor has been accomplished in two parts. First, the refrigerant leaving the evi:
enters the compressor and interacts with the shell and other pmscompressor. Thus he
exchange occurs between the refrigerant and parts of the compressor. Thereat



refrigerant reaches the compression room and isentropic compression occurs. The
showed that R134a performs better than R1234yf insefnthe required compression pow
and overall cycle COP. Also, it has been observed that, after some time has been elay
condenser and the evaporator output temperatures heats up and cools down, respect
gets into the saturation curve ate COP of the cycle quickly drops to zero. Therefore,
cycle stops working.

Control of the HVAC systems is a more recent field for the energy efficiency ¢
HVAC systems. More and more research papers about the control of the HVAC syse
findig their place in the literature day by day. The control study of a vapor compressi
been demonstrated in the sixth chapter of the thesis:liNesr dynamic modeling of th
vapor compression cycle (VCC) has been modeled as follows, the eleexpansion valve
and the compressor is modeled with the static relationships because they have mu
evolving dynamics compared to that of the heat exchangers. The evaporator and conde
been modeled with the lumped parameter Moving BoundiB) approach. The ME
approach has some advantages and disadvantages compared to other modeling app!
the literature. The MB approach requires less computational power, however, the resul
found may not be very accurate. The limear sysems also have some advantages comp
to their linear counterparts. Linearization process may eliminate some complex beha
the nonlinear systems. The ndmearity of a system model is most of the time desired s
almost all systems in the reabrld display nordinear behavior. The model verification of tl
system is accomplished with comparing the established model with a model develc
Aspen Plus Dynamics software with the same design spesifications. Thereafter, an ¢
neural netwdt is trained with the data obtained from the model. The outcomes of the
and the artificial neural network has been compared with each other and the highest |
error between the outcomes is observed as 0.2. It has been concluded that Oc2aptabla
error value and the neural network is fitted well.

A Neural Network Predictive Controller (NNPC) has been developed for the cont
the VCC. The Whale Optimization Algorithm (WOA) is utilized for the solution of
objective function to dermine the next control signal for the each time step in the NNPC
WOA is a swarrrbased naturespired metaheuristic algorithm that mimics the hunt
behavior of the humpback whales in the nature. The WOA has favorable exploratic
explotation clracteristics and can discover large seapdices effectively. Four differe
controllers have been considered for this case study. The name of the controllers
cooling load, first law efficiency, entropy generation and second law efficiency.
controller take its name from the unique performance objective that it has to achieve ex



cooling load controller which has only the common objective of the all four contrc
cooling load trajectory tracking. The results showed that the seaandfficiency performec
the best overall second law efficiency through the simulation time with 0.34025 effic
value. And the entropy generation controller achieved the lowest total exergy destructi
through the time with 0.2% lower than thattleé cooling load controller.

The case studies analyzed in this thesis are theoretical studies. As a future
controlling and dynamically analyzing an experimental VCC systems is exp
Furthermore, different types of ndinear control algorithmare expected to be applied to t
VCC systems.
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