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Abstract:

The main objective of this work is to comprehensively investigate R450A behavior in refrigeration
systems and subsequently optimize the main operating variables for the first time to reach the maximum
performance. For this purpose, a hybrid multi-objective optimization model coupling response surface
method and non-dominated sorted genetic algorithm II is established. The regression analysis results
reveal a good agreement of experimental data samples with the quadratic polynomial models with a
coefficient of determination exceeding 0.97. The optimum results for the first scenario indicate that the
reduction in the motor-compressor electrical power consumption and discharge temperature is 19.72%
and 54.21%, respectively, and percentage of growth in the refrigerant mass flow rate is 230.52% when
the middle evaporator temperature, middle condenser temperature, superheating degree, and subcooling
degree change from -14.95 °C to 8.71°C, 31.28 °C to 24.50°C, 13.12 K to 10.49 K, and 15.65 K to

15.66 K, respectively.
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Nomenclature

ANOVA analysis of variance

bo constant coefficient

bi linear coefficient

bii quadratic coefficient

b cross-interaction coefficient
CcOop coefficient of performance
Myer mass flow rate (g s™)
NSGA 11 non-dominated sorted genetic algorithm II
Peomp motor-compressor electrical power consumption (W)
Qevap cooling capacity (W)

R? determination coefficient
SCD subcooling degree (K)
SHD superheating degree (K)

T temperature (°C)

Xi independent variable

y response

y estimated response

Greek symbols

€ error in response
Subscripts

c condenser

dis discharge

evap evaporator

ref refrigerant

Abbreviations

CCD central composite design
GA genetic algorithm

GWP global warming potential
HFC hydrofluorocarbons

HFO hydrofluoroolefines

RSM response surface method



1 Introduction

The rapid development of human population and buildings has caused an increasing
demand for air conditioning systems in order to satisfy cooling requirements and level of
comfort in buildings. For example, less than 1% of urban Chinese households owned an air

conditioner in 1990, while this number increased to almost 100% by 2009 (1R, 2015). However,

the air conditioning systems utilize around 30% of the total electricity consumption in the

developed countries (Buzelin et al., 2005) and 5% of global electricity consumption (lIR, 2015).

IPCC (2014) estimates that energy demand for residential air conditioning in the summer is
projected to increase over 13-fold between 2000 and 2050 and over 30-fold by 2100. On the
other hand, the air conditioning plays an important role in the context of climate change and

the associated increase of ambient temperatures. R134a, with a high global warming potential

(GWP) of 1300, is used worldwide in air conditioning systems (Simmonds et al., 2015; Wu et al.,
2018). As a result, R134a has become a dominant contributor to global warming among all the

HFCs (Myhre et al., 2013). Given the high number of R134a units still in operation, it is required

that they be phased-out in the coming years to contribute to the goal of the international climate
agreement to avoid a 0.5 °C increase of the global mean surface temperature by 2100 (UNEP,
2016). Therefore, environmental and performance problems associated with the operation of
such systems emphasize the need for the development of air conditioning systems to increase
their performance.

Mixtures of hydrofluoroolefines (HFOs) and hydrofluorocarbons (HFCs) have been
considered to be a possible trade-off solution to replace widely extended HFCs like R134a,
R404A, or R410A. This is to mitigate the greenhouse gas emissions from refrigeration and air

conditioning systems (Domanski et al., 2017). According to the analysis of the thermodynamic

properties, some of these new mixtures are seen as good alternatives to the HFCs (Devecioglu

and Orug, 2015). A number of drop-in and retrofit experimental tests have been performed




during the past years to improve the knowledge of the behavior of these fluids in real operation

(Mota-Babiloni et al., 2017).

R450A, with a relatively low GWP of 547, is an HFO/HFC mixture that appears as
non-flammable and low toxicity (Al) alternative to R134a because of the comparable
characteristics in thermodynamic properties, safety classification, operating pressures and
materials, and lubricant oil compatibility. Both have been compared in some refrigeration
system constructions. In a medium capacity refrigeration system equipped with a variable-
speed compressor and shell and tube heat exchangers, R450A showed a small drop in cooling

capacity but comparable energy performance (Mota-Babiloni et al., 2015). Makhnatch et al. (2017)

evaluated the performance of this refrigerant in a small capacity refrigeration system equipped
with a rotatory compressor and plate heat exchanger. Their results indicated a 7.9% reduction
in average compressor power consumption and 2.9% reduction in coefficient of performance
(COP) for R450A when compared to R134a. Electric energy consumption with R450A was
between 1.3% and 5.8% higher than that of R134a in a single-stage refrigeration system with
a semi-hermetic compressor connected to a commercial vertical cabinet with doors placed

inside a climatic chamber (Llopis et al., 2017). Additionally, Kedzierski and Kang (2018) studied

the local convective boiling heat transfer in micro-fin tubes resulting, on an average, 15%
lower for R450A in comparison with R134a.

Although laboratory work provides a beneficial point of view from the operation of
these systems using R450A, this method is time intensive and also is often limited to the
available test equipment. Additionally, it cannot provide a comprehensive vision of an R450A
vapor compression refrigeration system under different operational conditions and offer
predictive capabilities that allow for a cheaper and faster scanning of this system to promote
understanding. The restrictions on laboratory tests require scholars to develop reliable models

that can predict or simulate the operation of R450A vapor compression refrigeration systems.



Recently, Mendoza-Miranda et al. (2016a) developed a shell-and-micro-fin tube evaporator

model that predicts evaporating pressure, two-phase overall heat transfer coefficient, and
cooling capacity fitted within £10% to the experimental data. In another work, Mendoza-

Miranda et al. (2016b) applied the Buckingham n-theorem to predict the compressor

efficiencies in a variable speed reciprocating compressor in order to calculate the operating and
energetic parameters of the refrigeration system. Energetic parameters for R450A have been
modeled using artificial neural networks and validated using cross-validation technique,
producing minimum relative errors 0.15 for the cooling capacity and the coefficient of

performance (Belman-Flores et al., 2017).

From the above results, R450A seems to be a promising solution as a drop-in
replacement to Rl134a in refrigeration systems. Even though it has been recently
commercialized, the knowledge about its behavior is still limited. The design and operation of
the refrigeration units involve performing trade-offs between different objective functions at
different values of input variables, which must be optimized for the specific purpose of R450A
refrigerant application scenario. When R450A is used instead of R134a, the cooling capacity
and electric power consumption values decrease, which results in a decrease in COP

(Makhnatch et al., 2017). Therefore, the question on how to further improve the performance

of the R450A vapor compression refrigeration systems still needs to be addressed. Hence,
before the extension to the utilization of R450A, an efficient computational framework is
required to define its optimum performance to enhance the total system energy performance.
The traditional one-variable-at-a-time optimization process considers factors separately and
determines their effects on output parameters. This process is time-consuming and insufficient
as it does not include the interactive effects among the factors studied. Response surface
method is a relevant approach to address the limitations of laboratory works and to evaluate

the performance of these systems. Response surface method consists of a set of statistical and



mathematical techniques that are useful for modeling, optimizing, and determining the effects
of multiple independent variables on dependent ones and the interactive effects between them.
Moreover, the response surface method provides optimization process with a limited number
of experimental data. So far, response surface method has been successfully applied in the

fields of refrigeration (Liu et al., 2015; Mahmoudi et al., 2016), renewable energy (Bendato et

al., 2017; Morero et al., 2017), and nanotechnology (Esfe et al., 2017; Mamourian et al., 2016).

Owing to the direct relationship between the motor-compressor electrical power consumption,
cooling capacity, discharge temperature, and refrigerant mass flow rate in R450A vapor
compression refrigeration systems, it is useful to consider objectives simultaneously to perform
a multi-objective optimization. Combination of response surface method and non-dominated
sorted genetic algorithm II allows generating comprehensive information, establishing
predictive models, and determining the best possible trade-offs between the conflicting
objectives in R450A vapor compression refrigeration systems. The results by this hybrid
framework would lead to a better understanding of different influential parameters on this
system, which can subsequently be utilized to design, optimize, and enhance the thermal
performance of refrigeration units using R450A.

As of now, no available literature discusses the implementation of response surface
method in vapor compression refrigeration systems, or, studies on multi-objective optimization
based on evolutionary algorithms for such a complex system. Consequently, the aim of this
paper is to improve the understanding of refrigeration units using R450A by comprehensively
investigating the effects of design variables on the performance of such systems and
subsequently optimize them to aid refrigeration engineers to enhance its performance.
Therefore, in this work modeling and experimental validation is performed by central
composite design (CCD) and response surface method (RSM). The models include the effects

of the middle evaporator temperature (Tevap), middle condenser temperature (Tc), superheating



degree (SHD), and subcooling degree (SCD). The effects of each operating parameter and their
interactive effects on the motor-compressor electrical power consumption (Pcomp), cooling
capacity (Qevap), coefficient of performance (COP), discharge temperature (Tais), and
refrigerant mass flow rate (mrf) are also analyzed in depth. Subsequently, a fastelitist non-
dominated sorted genetic algorithm II (NSGA II) based multi-objective optimization is linked
to models developed by RSM to optimize the R450A system and provide the best design

parameters by considering two different scenarios.

2 Materials and methods
2.1 Experimental facility

The experimental data required for the modeling aspect is extracted from Makhnatch et
al. (2017). The experimental setup is based on a small capacity refrigeration system as shown
in Figure 1. The compressor is a fully hermetic rotary type with a motor rating of 550 W
nominal power and displacement of 15.44 cm?® per revolution, both evaporator and condenser
are plate heat exchangers, and the expansion valve is an R134a designed thermostatic
expansion valve. The evaporator is controlled by a closed loop of 43 wt% ethylene glycol based
secondary refrigerant and the condenser by an open loop of tap water whose flow rate is set by

water regulating valve.
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Figure 1. Experimental setup and measuring sensors (Makhnatch et al., 2017).

The experimental data range is obtained from 36 steady-state tests using the HFO/HFC
mixture R450A, varying the middle evaporating temperatures between —15 and 12.5 °C; and
the middle condensing temperatures between 25 and 35 °C. The average measured
superheating and subcooling degrees are 12.1 K and 11.2 K, respectively. To obtain the
thermodynamic states of the refrigerant in the cycle, T-type thermocouples with £0.11 K
uncertainty are used to measure the temperatures at the inlet and outlet of each main component.
Two pressure transducers with £0.08% uncertainty are used to determine the condensation and
evaporation pressure. A differential pressure sensor with 0.25% uncertainty is installed to
account for measuring the refrigerant pressure difference between evaporator inlet and outlet,
and a Coriolis type flow meter with +0.5% uncertainty is used to measure the refrigerant mass
flow. Two configurable multi-transducer measures the electric power use of motor-compressor

and the heaters with +0.2% uncertainty.



2.2 Response surface method

RSM consists of a group of statistical and mathematical techniques for establishing
empirical models to understand the interactive effects among the factors that need to be

optimized (Box and Wilson, 1951). Using the experimental data, RSM’s objective is to establish

a suitable relation between a response or output parameter to the levels of a number of
independent or input parameters to clarify the relationship and interaction between them

(Makela, 2017). For this concrete application, the relationship between the independent

variables such as Tevap, Tc, SHD, SCD, and response y, can be formulated as shown in Equation

(1)

§ =1 (T, T., SHD, SCD)+¢ (D)

evap ?

where J is the estimated response and ¢ is the error in the response. A mathematical equation
is fitted to represent the response characteristics by establishing a map between the set of
independent parameters and the response. The simplest model which can be implemented in

RSM is based on a linear function, which is given as (Box and Wilson, 1951),

9=b0+§bixi 2)

If the first-order model is insignificant as a result of curvature, a two-factor interaction
model or quadratic polynomial model is used to fit the data to find critical points. The two-

factor interaction model to approximate the function f can be written as follows (Box and Wilson,

1951):

9=b0+ébiXi+ibiniXJ’ 3)

j>i



Quadratic polynomial model is explained as a sum of all linear, cross-interaction, and
self-interaction terms between predictors. Thus, the approximating function can be written as

in Equation (4) (Box and Wilson, 1951),

S’:b0+gbiXi+2biiXi2+i2binin 4)

i=1 j>1
The coefficients in the quadratic polynomial model are determined by solving the linear

model Y=XB, depicted in Equations (5) and (6) (Box and Wilson, 1951).
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The final solution is given by B = (X’X)fl X'Y ,where ¥ is the estimated response, by is

the constant coefficient, b; is the linear coefficient of the independent variables x;, b;; is the
different cross-interaction coefficient between the input factor x; and x;, and b;; is the ith

quadratic coefficient of the input factor x; (Meyer et al., 2016).

The most well-known response surface method design is central composite design
(Jensen, 1995). In central composite design, all point descriptions will be regarding the coded
values of the factors. A central composite design comprises three group of design points: (i)
fractional factorial design points, which allow prediction of the linear and cross-interaction
terms; (i1) axial points, which are points that have all of the factors set to 0, except one factor
that has the value +a for efficient prediction of the self-interaction terms; and (iii) central
points, which are points with all levels set to coded level 0 that give information about the

presence of curvature in the response (Figure 2). Hence, the regular central composite design

10



requires five levels of each factor: -a, +a, -1, 1, and 0. Considering z as the number of
independent variables, the design consists of a matrix from central points (0, O, ..., 0), a matrix
from factorial points (1, +1, ..., £1), and a matrix from axial points of the form (+a, O, ..., 0),

(0, £a, ..., 0). The axial matrix is represented as in Equation (7) (Jensen, 1995).

K 0 0 |
- 0 - 0
0O o 0 - 0
K=0 -a 0 - 0 (7)
0 O o
10 0 —a |

The value of a is calculated depending on orthogonality and rotatability of the design
(Myers, 1971). Rotatable designs allow constant estimation variance at all points that are
equidistant from the design centre. Therefore, if N denotes the number of factorial points, the

value of a for a rotatable design is determined by Equation (8) (Box and Hunter, 1957).
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Figure 2. Central composite design.
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2.3 Multi-objective genetic algorithm

Genetic algorithm (GA) is a programming technique that uses evolutionary rules to
solve optimization problems. In problem-solving via genetic algorithm, a certain number of
potential solutions, also known as individuals, represented by structures called chromosomes,
are considered as the initial population instead of the single points. The individuals are
modified using different operators known as crossover and mutation, and a subset of the newly
generated solutions called offsprints are reconsidered as initial solutions for the next generation

(Goldberg, 1989). NSGA II developed by Deb et al. (2002) is an effective method to solve multi-

objective optimization problems by simultaneously considering several objectives. Figure 3
indicates a flowchart of this algorithm. Generally, objective functions conflict with each other
and a trade-off should be made when considering more than one target at the same time, since

the realization of one objective causes failure of another.

Begin: Initialize Evaluation of Rank ulation

population (size=z) objective functions pop ’

Selection
Report solution and

stop l

Crossover
Stopping
Yeos criteria l
met?

Mutation

l

Evaluation of
objective functions

Combine parent
and child
population, rank
population

Select Z individuals

Figure 3. Flowchart of NSGA 1.

2.4 Problem formulation

In this study, two different scenarios are considered in the multi-objective optimization

process for the R450A vapor compression refrigeration system. In the first scenario, a multi-

12



objective optimization algorithm is employed to minimize the motor-compressor electrical
power consumption and discharge temperature, and maximize the refrigerant mass flow rate
simultaneously. The second scenario sets out to maximize the cooling capacity and refrigerant
mass flow rate, and minimize discharge temperature simultaneously.

The motor-compressor electrical power consumption, cooling capacity, discharge
temperature, and refrigerant mass flow rate objective functions are achieved with the help of
experimental data and regression models using response surface method. For this purpose, four

influential variables including Tevap, Tc, SHD, and SCD are intended as optimization variables.

The multi-objective optimization problem generally can be represented as indicated in

Equation (9) (Rao, 1991).

Minimize / Maximize M, (x) =1,2,..,f
subject to
w,(x)=0, e=1,2,..,E; €©)
ZV(X)SO, v=1,2,..V;

In Equation (9), f shows the number of objective functions, x is the symbol of a vector of n

decision variables, and w. (x)=0 and z, (x)<0 are system constraints.

2.5 Decision-making in the multi-objective optimization

The selection of the best non-dominated solution through the NSGA II multi-objective
optimization method requires a decision-making process to determine which solution is better
than others. In the current study, the technique for an order of preference by similarity to ideal
solution (TOPSIS) decision maker is employed. TOPSIS approach is based on the concept that

the chosen solution should have the shortest distance from the ideal solution and the longest

13



distance from the non-ideal solution. In this method, the approach shown in Equation (10) is

used to non-dimensionalize the objectives (Ahmadi et al., 2016).

i(Fij)z (10)

In Equation (10), F' is the objective, i denotes the index for each point on Pareto front, j
represents the index for each objective and m denotes the number of points on Pareto front.
Then the distance of each point on Pareto front from the ideal and non-ideal points is obtained
for selecting the final solution. These parameters can be mathematically described and

calculated using Equations (11) and (12) (Ahmadi et al., 2016).

doea™ Jil(F{}-F?deau)z (11)
dnon-ideal:\/ jil(Fg_Fﬁon-idealj)z (12)

In the TOPSIS approach, a CI; parameter is described, as indicated in Equation (13),

and its minimum value is desirable and selected as the best final solution (Ahmadi et al.. 2016).

dnon—ideal
cdr—— — (13)
dideal +dn0n—ideal

3 Results and discussion
3.1 Development of regression models

Table 1 presents the range and levels of design variables and coded values. Three
different types of regression models, e.g. linear, two-factor interaction, and quadratic, have
been developed. The coefficient of determination, R?, is calculated to compare the performance

of each model and to select the most appropriate type of model. The excellent fit between the
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measured and predicted values would have R?>=1. The calculated results for these three types
of models are listed in Table 2. The accuracy of quadratic models has been evidenced for the
Pcomp, Qevap, COP, Tais, and myer under the given experimental conditions by high R? values.
The selection of this type of model also allows one to quantify the curvature effects and to
comprehensively investigate the effects and interactions of design variables on the responses.
Therefore, quadratic models are selected for further analysis. The analysis of variance
(ANOVA) is carried out to achieve the contribution and interaction between the design
variables and the corresponding responses. The probability, p-value, is calculated for the
quadratic type of model to judge its significance. The p-value of less than 0.05 indicates
insignificant lack of fit. The ANOVA results for the relevant responses have been summarized
in Table 3. The response variable related to the quadratic model is presented in Table 4. The
Pcomp, Qevap, COP, Tais, and myer are modeled as the sum of a constant, four first-order effects
(Tevap, Te, SHD, and SCD), six interactive effects (Tevap and Te, Tevap and SHD, Tevap and SCD,

T and SHD, T, and SCD, and SHD and SCD), and four second-order effects (Tevap>, Tc*, SHD?,

and SCD?).
Table 1. Range and levels of independent variables for the CCD used in this study.
Design . Levels
variable Label Unit -0 -1 0 +1 +a,
Tevap A °C -28.87 -14.99 -1.12 12.76 26.64
T B °C 3491 24.5 29.71 3491 40.12
SHD C K 13.36 10.49 11.93 13.36 14.80
SCD D K 15.66 8.25 11.96 15.66 19.37

Table 2. Accuracy comparison of the linear, two-factor interaction, and quadratic models for estimating Pcomp,
Qevc_zp, COP, Tdis, and Myef.

Parameter Linear Two-factor interaction Quadratic

R- Adj R- Adeq R- Adj R- Adeq R- Adj R- Adeq
Squared  Squared Precision Squared Squared Precision Squared Squared Precision

Pcomp 0.9244 0.9147 25.302 0.9437 0.9212 19.986 0.9736 0.9560 24.614
Qevap 0.9888 0.9874 77.080 0.9923 0.9892 57.843 0.9994 0.9990 162.466
COP 0.9801 0.9776 60.816 0.9873 0.9822 48.633 0.9989 0.9982 128.410

Tais 0.9653 0.9608 50.652 0.9767 0.9674 38.778 0.9932 0.9887 57.758
Mref 0.9911 0.9899 85.321 0.9944 0.9922 65.742 0.9993 0.9988 144.964

Table 3. Result of ANOVA analysis for quadratic model.
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Peomp Qevap Ccopr Tais Myref

Source Sum of p-value Sum of p-value Sum of p-value Sum of l;)—valiu: Sum of p-value
Squares  Prob>F Squares Prob>F Squares Prob>F  Squares r(l)v Squares Prob>F
Model 16655.47 <0.0001 1.071E+07 <0.0001 73.18 <0.0001 1893.15 <0.0001 282.73 <0.0001
A 0.88 0.8418 1.271E+06 <0.0001 8.08 <0.0001 160.71 <0.0001 34.62 <0.0001
B 945.52 <0.0001 5883.44 0.0002 0.19 <0.0001 30.99 <0.0001 0.010 0.3099
C 5.58 0.6156 8.40 0.8691 5.126E-04 0.7189 1.30 0.1606 1.279E-03 0.7171
D 2.52 0.7352 447.93 0.2367 5.000E-05 0.9104 0.22 0.5550 2.220E-04 0.8799
AB 19.07 0.3569 1664.33 0.0287 0.13 <0.0001 0.91 0.2384 7.944E-03 0.3704
AC 61.09 0.1065 11.46 0.8474 3.480E-03 0.3526 0.29 0.4996 6.651E-03 04118
AD 8.25 0.5422 387.78 0.2698 5.183E-03 0.2590 0.011 0.8927 3.034E-03 0.5776
BC 55.69 0.1223 225.43 0.3972 5.007E-03 0.2670 1.62 0.1193 1.476E-03 0.6971
BD 15.65 0.4030 494.70 0.2144 2.143E-03 0.4640 1.33 0.1567 5.397E-03 0.4590
CD 6.82 0.5790 194.31 0.4313 4.497E-05 0.9150 1.18 0.1808 3.828E-03 0.5321
A? 434.45 0.0002 69374.13 <0.0001 0.81 <0.0001 25.02 <0.0001 1.26 <0.0001
B? 17.41 0.3782 128.88 0.5206 3.994E-03 0.3201 0.82 0.2625 1.009E-04 0.9188
C? 21.77 0.3256 26.50 0.7699 4.279E-03 0.3038 0.30 0.4920 1.277E-04 0.9087
D? 11.53 0.4720 0.72 0.9616 6.176E-04 0.6929 0.015 0.8790 2.953E-04 0.8616
Table 4. Quadratic equations for Peomp, Qevap, COP, Tais, and myey.
Rvgi'li):ll)llsee Quadratic correlation
Peomp = —739.698 + 6.38 1% T, + 31.185x T +127.101 x SHD — 27.697 x SCD
+0.045X T o x T, —0.743x T ,,, xSHD + 0.076 X T ,, X SCD — .74 x T, x SHD
Pcom
’ +0.406 % T, x SCD +2.201x SHD x SCD — 0.077 x T2, — 0.167 x T? ~ 4.175x SHD
-0.412xSCD*
Q. =1578.997 +74.963 % T,y — 55.174x T, — 77.417x SHD +215.307x SCD
—0.424X Ty X T, —0.322X T, xSHD + 0.518X T, x SCD + 3.5 x T, x SHD
Qeva
’ ~2.285x T, xSCD ~11.749x SHDx SCD +0.975x T2, +0.454 x T2 + 4.606 x SHD’
+0.103xSCD*
COP =18.852+0.187xTevsy— 0-37x T, —1.783x SHD +0.278x SCD
~3.746E — 003X T,y X T + 5.61E — 003X Ty X SHD + 1 _894E—003x T vy X SCD
COP
+0.016x T, xSHD —4.757E —003x T, xSCD —5.652xSHDxSCD + 3 32 1><T§vap
+2.526xT>+0.059xSHD’ - 3.018xSCD*
T = —20.284+0.209 X T 0y +5.229 T, +10.99 x SHD — 14.289x SCD
~0.01X Ty X T — 0.051% Ty X SHD 4 0.003 % T, X SCD — 0.297 x T, x SHD
T is
‘ +0.118x T, xSCD +0.916 x SHDx SCD +0.019x T¢,,, —0.036 x T; — 0.491x SHD’
-0.015xSCD?
My =3.872+0.438 X Ty — 0.059 x T, +0.062 x SHD +0.891x SCD
~0.001X T gyqp X T — 0.008 X T X SHD +0.001 X Ty, x SCD +0.009 % T, x SHD
Myef

~0.008 x T, xSCD —0.052 x SHD x SCD +0.004 x T2, —0.0004 x T2~ 0.01x SHD"
—-0.002xSCD>
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The provided two-dimensional plots in Figure 4 are based on the influences of the levels

of the factors studied, and hence presents the values estimated using the quadratic model as a

function of the measured data on the horizontal axis. Different colors represent the response

value at each corresponding point. In the present case, red represents the highest value all the

way down to blue, which represents the lowest value. ANOVA results for each parameter are

analyzed, and the 2D contour plots of each parameter are given. There, the interaction effect of

the two parameters is plotted while the other two parameters are fixed. These contour plots are

helpful for determining the optimum operating parameters. The results obtained are presented

in further detail in following different subsections.
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3.1.1 Effect of factors on motor-compressor power consumption
Figure 4(a) depicts values estimated using the developed motor-compressor power
consumption predictive empirical model as a function of data measured along the horizontal

axis. It is found that the values predicted by the model are in a good agreement with the
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corresponding experimental data. Value of the coefficient of determination is found to be close
to unity, and the difference between the predicted R? and adjusted R? is not greater than 0.2,
thereby confirming the robustness of the developed model (Table 2). Based on the sum of
squares, the linear term of Tc with a contribution of 58.87% (0.05% Tevap, 58.87% T¢, 0.35%
SHD, and 0.16% SCD), the cross-interaction term of TevapxSHD with a contribution of 3.80%
(1.19% Tevap and Te, 3.80% Tevap and SHD, 0.51% Tevap and SCD, 3.47% T, and SHD, 0.97%
T. and SCD, and 0.42% SHD and SCD), and the self-interaction term of Teyvap’ With a
contribution of 27.05% (27.05% Tevap>, 1.08% T¢?, 1.36% SHD? and 0.72% SCD?) have
indicated the highest level of significance on the response (Table 3).

The 2D contour plots of the motor-compressor electrical power consumption are given
in Figure 5. Overall, the results suggest that a higher value of middle evaporator temperature
and lower value of middle condenser temperature lead to lower motor-compressor electrical
power consumption. This effect can be explained by the reduction of the compression pressure
ratio and hence, lower work of compression and isentropic efficiencies in a greater magnitude
than the reduction of refrigerant mass flow rate. Moreover, Figure 5(e) indicates that in the
specific studied cases, the motor-compressor electrical power consumption increases with the
increase of the subcooling degree indicating that the refrigerant charge is above the optimal
value. This is also supported by Figure 5(f), which also indicates that the motor-compressor
electrical power consumption is reduced by the increased superheating degree since reduces

the refrigerant mass flow rate.
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Figure 5. Contour plots of Pcomp in terms of: (a) Tevap vs. Te [SHD=13.36 K and SCD=15.66 K]; (b) Tevap vs.
SHD [T:=34 °C and SCD=15.66 K], (c) Tevap vs. SCD [T,=34 °C and SHD=13.36 K], (d) T, vs. SHD
[Tevap=5 °C and SCD=15.66 K], (e) T, vs. SCD [Tevap=5 °C and SHD=13.36 K]; (f) SHD vs. SCD [Tevap=5 °C
and T,=34 °C].

3.1.2  Effect of factors on cooling capacity

Figure 4(b) displays the regression plot between the predicted and the corresponding
experimental data concerning the evaluation of Qevap. It is clear from the addressed plot that
there is an excellent fit between the predicted and the actual values, thereby confirming the
proposed model's great potential for use in practical applications. A large value of R? and
adjusted R? (R?=0.9994 and adj-R?=0.9990) show that the developed model for the application
of interest is reliable and statistically accurate. To validate the obtained regression function
mathematically, the ANOVA test is carried out and the results are provided in Table 3. The

results can be analyzed by the p-value from Table 3, which is less than 0.0001. Generally, the
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value implies that the model is significant and sufficient to be used. There is the possibility of
removing the non-significant terms to simplify the model and increase the accuracy.
Nevertheless, the purpose of this study is to investigate the influence of all operating parameters
on the response variable. According to the sum of squares, the most significant linear term for
Qevap 1s found to be Tevap With a contribution of 94.16% (94.16% Tevap, 0.44% T¢, 6.22E-04%
SHD, and 0.03% SCD). In addition, the cross-interaction term of TevapxTc With a contribution
0f 0.12% (0.12% Tevap and Te, 8.49E-04% Tevap and SHD, 0.03% Tevap and SCD, 0.02% T. and
SHD, 0.04% T. and SCD, and 0.01% SHD and SCD) and the self-interaction term of Teyap-
with a contribution of 5.14% (5.14% Tevap’, 0.01% Tc2, 1.19E-03% SHD?, and 5.33E-05%
SCD?) are identified as parameters most significantly affecting the response variable. The
results indicate that the most significant linear term model and cross-interaction model term on
Pcomp and Qevap are different. Also, the important finding is that even if Tevap” is found to be

statistically the most significant self-interaction term on both Pcomp and Qevap, its contribution

is different (Table 3).
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Figure 6. Contour plots of Qevap in terms of: (a) Teyap vs. Te [SHD=13.36 K and SCD=15.66 K], (b) Tevap vs.
SHD [T.=34 °C and SCD=15.66 K], (c) Tevap vs. SCD [T, =34 °C and SHD=13.36 K], (d) T, vs. SHD
[Twap=5 °C and SCD=15.66 K] (¢) T. vs. SCD [Tuvqp=5 °C and SHD=13.36 K]; () SHD vs. SCD [Tunqp=5 °C
and T.=34 °C].

Figure 6 indicates 2D contour plots of the cooling capacity, presenting the interaction
effects based on a quadratic model. The contour areas in Figure 6(a-c) show that the middle
evaporator temperature affects significantly more than the rest of parameters and cause an
increase in cooling capacity because it augments the mass flow rate, and the compressor
volumetric efficiency. Furthermore, the refrigerating degree is slighlty increased, but the
condensing temperature has more influence on this parameter. At the highest subcooling degree
and the middle evaporator temperature equal to 5 °C, a decrease in the middle condenser
temperature results in a gradual increase in cooling capacity (Figure 6(d)) because of the lower
specific enthalpy at the inlet of the evaporator and lower compression rate. Also, as can be seen
in Figure 6(f), at a middle evaporator temperature of 5 °C and a middle condenser temperature
of 34 °C, an increase in the superheating degree and subcooling degree after a specific value
leads to a decrease in the output. Overall, the results indicate that there are optimum operating
conditions for higher cooling capacity requiring due consideration of interaction effects. This

information can be used for the design and optimization of liquid-to-suction heat exchangers

in this type of installation.
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3.1.3  Effect of factors on COP

To ensure the developed model adequately represents the actual data, the estimated
RSM-generated model versus actual value plot is shown in Figure 4(c). It is observed from the
comparison that the data are normally distributed around diagonal line, indicating good fitness
with a low dispersion. The high R? and adj-R? values (R?=0.9989 and Adj-R?=0.9982)
corresponding to the response variable COP demonstrate satisfactory prediction of the model.
The ANOV A results of the proposed quadratic model for COP are presented in Table 3. Results
obtained demonstrate greater dominance of the linear term of Teyvap With a contribution of
87.49% (87.49% Tevap, 2.06% Tc, 0.01% SHD, and 5.41E-04% SCD), the cross-interaction
term of TevapxTc with a contribution of 1.41% (1.41% Tevap and Tc, 0.04% Tevap and SHD,
0.06% Tevap and SCD, 0.05% T and SHD, 0.02% T. and SCD, and 4.87E-4% SHD and SCD),
and the self-interaction term of Tevap> With a contribution of 8.77% (8.77% Tevap>, 0.04% T2,
0.05% SHD?, and 0.01% SCD?) compared to other variables in terms of their influence on
COP.

Figure 7(a—f) shows 2D contour plots of COP, indicating the interaction effects in a
quadratic model equation. While SHD and SCD are assumed to be constant, Figure 7(a) shows
COP reaches its maximum at maximum middle evaporator temperature and minimum middle
condenser temperature (at the lowest compression ratio). However, determination of the
optimum parametric conditions for higher COP requires considering the interaction effects of
SHD and SCD with other two parameters. As COP depends on cooling capacity and power
consumption, the discussion included in these sections could be used to explain the effect on

COP.
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Figure 7. Contour plots of Qevap in terms of: (@) Tevap vs. T, [SHD=13.36 K and SCD=15.66 K]; (b) Tevap vs. SHD
[T.=34 °C and SCD=15.66 K]; (c) Tevap vs. SCD [T.=34 °C and SHD=13.36 K] (d) T. vs. SHD [Tunqp=5 °C
and SCD=15.66 K]; () T-vs. SCD [Tusqp=5 °C and SHD=13.36 K]; (f) SHD vs. SCD [Tusqp=5 °C and
T.=34 °C].

3.1.4 Effect of factors on discharge temperature

Figure 4(d) illustrates an appropriate correlation between predicted values against those
experimentally obtained, thereby indicating the efficiency and favorable performance of the
developed model because points are close to the 45° line. The calculated related statistical error
values for Tais is found to be R>=0.9932 and adj-R*=0.9887. This indicates that the developed
model adequately fits the experimental data. In Table 3, ANOVA evaluation for the regression
equation is presented. The small p-value (p<0.05) confirms high significance of the model.

According to the sum of squares, the most significant linear term for Tq;s is found to be Tevap

with a contribution of 71.52% (71.52% Tevap, 13.79% T¢, 0.58% SHD, and 0.10% SCD). This
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means that Tgis significantly varies with changes in the values of Tevap. Moreover, the cross-
interaction term of TcxSHD with a contribution of 0.72% (0.40% Tevap and Te, 0.13% Tevap and
SHD, 4.90E-03% Tevap and SCD, 0.72% T. and SHD, 0.59% T. and SCD, and 0.53% SHD and
SCD) and the self-interaction term of Tevap? With a contribution of 11.13% (11.13% Tevap?,
0.36% T2, 0.13% SHD?, and 0.01% SCD?) are identified for significantly affecting the

response variable.
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Figure 8. Contour plots of T in terms of: (a) Tevap vs. Te [SHD=13.36 K and SCD=15.66 K]; (b) Tevap vs. SHD
[T.=34 °C and SCD=15.66 K]; (c) Tevap vs. SCD [T.=34 °C and SHD=13.36 K]; (d) T. vs. SHD [Tugp=5 °C
and SCD=15.66 K] (e) T. vS. SCD [Tungpy=>5 °C and SHD=13.36 K], (f) SHD vs. SCD [Twwqp=5 °C and
T.=34 °C].

The 2D contour plots of the discharge temperature are presented in Figure 8. Figure

8(a) shows that a combination of lower middle evaporator temperature and higher middle

condenser temperature at constant superheating degree and subcooling degree results in the
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highest values of discharge temperature, since the compression ratio is increased and results in
higher values of specific work of compression and a more irreversible compression at the end
of this process. Figure 8(b) illustrates that at the certain SCD and middle condensing
temperature, the discharge temperature is greatly influenced by both SHD and middle
evaporating temperature, so as for at fixed middle evaporation temperature the increase of SHD
leads to the increase of the discharge temperature, since the discharge temperature reflects all
the heat absorbed by the refrigerant, including the superheating process. Another observation
is that the discharge temperature is lower at lower middle condenser temperature, considering
(Tevap=5 °C and SCD=15.66 K) and (Tevap=5 °C and SHD=13.36 K) conditions, as is evident

from the information in Figure 8(d) and Figure 8(e).

3.1.5 Effect of factors on the mass flow rate

Figure 4(e) illustrates the regression plot between the prediction results obtained by the
quadratic equation and the actual values of mr with an excellent agreement for all data using
the model. This is because almost all of the points fall considerably on the related straight line,
thereby showing the accuracy of the model for estimating the output parameter. The calculated
results concerning statistical performance criteria for the model are listed in Table 2. Based on
a statistical investigation, the values of R?, adj-R?, and pred-R? are close to unity. The achieved
adequate precision is higher than 4, and the pred-R? is in reasonable agreement with the adj-
R?, i.e., the measured difference is less than 0.2, thereby indicating the adopted model is
significant. The ANOVA analysis results reported in Table 3 confirm that the obtained
quadratic model is significant for this response. The linear, cross-interaction, and self-
interaction factors effects on myer are found to be 96.38% Tevap, 0.03% T, 3.56E-03% SHD,
6.18E-04% SCD, 0.02% Tevap and T¢, 0.02% Tevap and SHD, 0.01% Tevap and SCD, 4.11E-03%

T and SHD, 0.02% T and SCD, 0.01% SHD and SCD, 3.51% Tevap’, 2.81E-04% T¢?, 3.56E-
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04% SHD?, and 8.22E-04% SCD?. Regarding my.f, the highest contribution is observed from
the linear term Tevap, With a contribution of 96.38%, while the self-interaction factor T
demonstrates the lowest contribution.

Similarly, as done for the other parameters, 2D contour plots of the refrigerant mass
flow rate are presented in Figure 9. In general, the higher the middle evaporator temperature,
the higher the refrigerant mass flow rate. In particular, the effect of middle evaporator
temperature is dominant for the refrigerant mass flow value due to its effect on the compressor
suction density together with the higher volumetric efficiency. This is illustrated in Figure 9(a-
c). The effect of the SHD on mass flow is seen from Figure 9(d) where it is evident that the
mass flow rate decreases by increasing SHD in certain operating conditions where the suction
density is more decreased. The middle condensing temperature has a slight effect on the
refrigerant mass flow (Figure 9(a), Figure 9(d-e)) due to its slight influence on compressor

volumetric efficiency through the increase of the compression ratio.
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Figure 9. Contour plots of myrin terms of: (a) Tevap vs. Te [SHD=13.36 K and SCD=15.66 K]; (b) Tevap vs. SHD
[T.=34 °C and SCD=15.66 K], (c) Tevap vs. SCD [T.=34 °C and SHD=13.36 K], (d) Tc vs. SHD [Tpqp=5 °C
and SCD=15.66 K], (e) T. vs. SCD [Tevap=5 °C and SHD=13.36 K]; (f) SHD vs. SCD [Tevap=5 °C and
T.=34 °C]J.

3.2 Optimization results

In an R450A vapor compression refrigeration system, it is desired to minimize the
discharge temperature and motor-compressor electrical power consumption, and maximize the
refrigerant mass flow rate and cooling capacity. Consequently, the combination of these factors
would lead to an improvement in COP. The comparison of these objective functions at different
values of input parameters becomes more complicated when one wants to optimize three of
them simultaneously. Accordingly, in this study, a multi-objective optimization is carried out

to achieve the optimal conditions taking into account more than one target at the same time.
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Figure 10. The Pareto front calculated using NSGA II: trade-off values for the objective functions for (a) first
scenario; (b) second scenario.

Discussion in Section 3.1 indicates that the developed models can be used to predict
outcomes based on the independent variables. Besides, the validation of the obtained models
confirmed the non-existence of any statistically significant differences between results
achieved by the experiment and those estimated by the introduced models. Therefore, the

derived quadratic equations are implemented for two triple multi-objective optimizations. In
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this case, two scenarios are taken into consideration to investigate the simultaneous
optimization of different sets of objective functions, and in each scenario, three objective
functions are considered. After that, the NSGA II is used to determine the set of optimal
conditions of Tevap, Tc, SHD, and SCD. Hence, in the optimization process, the limitations

exposed in Equations (14) to (17) are considered.

~14.99<T,,,, <12.76 (14)

24.5<T,<3491 (15)
10.49 < SHD <13.39 (16)
8.25<SCD <15.66 (17)

In the optimization simulations, the motor-compressor electrical power consumption,
discharge temperature, and the refrigerant mass flow rate simultaneously are used as the
objective functions for the first scenario, and the cooling capacity, refrigerant mass flow rate,
and discharge temperature simultaneously are considered for the second scenario. The
parameters used in the execution of NSGA I for the above problem are: population size of 50,
a crossover probability of 0.8, and a Pareto front population fraction of 0.35. Furthermore, the
selection function employed is ‘tournament’ with a size of 2 and ‘intermediate’ crossover
function is selected.

The NSGA II method provides a wide population of non-dominated solutions called
the Pareto front, which attempts to include all possible trade-offs between the defined objective
functions. In this study, the NSGA II is run ten times for each case of optimization, and the
first ranked Pareto fronts are selected. No considerable differences in the final optimum Pareto
are detected. The information about the Pareto optimal solutions in both cases after
convergence of NSGA II is graphically shown in Figure 10. Moreover, the achieved optimum
numerical values of the objective functions and their corresponding optimum process variables

for each optimum Pareto front shown in Figure 10 are summarized in Table 5. It is important
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to note that all the results are optimal conditions and non-dominated. As a result, each solution
can be chosen as an incomparable solution, and the user based upon the predefined criteria may
select a solution that best matches his/her needs and gives a better insight into the optimization.
Putting it in another way, it is possible for designers to choose an optimum design through the
reported results and the ultimate decision depends on the importance of each variable.
Nevertheless, TOPSIS decision maker is applied to the Pareto optimal solutions to
select the best solution for each case scenario shown in Figure 10. The discharge temperature
meets its minimum, 36.38 °C, in the first scenario, where the cooling capacity is not included
and increases to 37.13 °C in the second scenario. The refrigerant mass flow rate is at its
maximum, 12.13 g/s, in the first scenario, where the cooling capacity is not considered and
decreases to 11.05 g/s in the second scenario. The discharge temperature and refrigerant mass
flow rate are considered in both scenarios. According to TOPSIS results, it can be concluded

that the variables have better conditions in the first proposed scenario.

Table 5. Optimum points of the multi-objective optimization by NSGA I1.
First scenario

Tevap T. SHD SCD Pcomp Tais Myref
8.71 24.50 10.49 15.66 335.86 36.38 12.13
-14.83 24.51 10.49 15.64 304.05 51.47 4.33
-14.77 27.04 11.52 15.65 364.18 64.54 4.04
-14.85 25.14 11.22 15.64 338.54 58.79 4.15
4.36 24.56 10.51 15.65 337.53 37.88 10.33
-6.75 24.86 10.55 15.65 330.57 45.27 6.45
-14.85 25.07 10.64 15.65 315.67 53.98 4.27
-14.69 28.34 12.36 15.65 393.86 71.74 3.89
-4.41 24.76 10.58 15.65 334.48 43.54 7.17
-14.94 30.55 12.05 15.65 400.17 73.66 3.80
-14.99 34.87 13.36 15.66 429.51 83.56 3.58
-14.90 34.88 13.35 15.66 429.64 83.42 3.60
0.86 24.71 10.51 15.64 337.57 39.72 9
-11.30 24.82 10.62 15.64 322.70 49.72 5.16
0.88 24.93 10.64 15.65 343.84 41.16 8.95
-2.14 24.76 10.52 15.65 335.55 41.58 7.94
5.89 24.64 10.51 15.64 338.46 37.51 10.94
-14.95 31.28 13.12 15.65 418.36 79.45 3.67
Second scenario
Tevap Te SHD SCD Qevap Tais Myref
6.12 24.51 10.50 15.65 2143.15 37.13 11.05
-12.61 33.81 13 15.63 679.10 78.59 4.13
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-3.50 24.62 10.53 15.65 1446.13 42.21 7.49

-1.54 25.01 10.51 15.64 1560.71 41.73 8.13
-14.98 34.88 13.35 15.66 576.31 83.54 3.58
4.42 24.60 10.54 15.62 2000.13 38.25 10.34
-11.89 25.12 10.62 15.63 970.27 50.98 4.99
3.29 24.66 10.52 15.62 1913.38 38.63 9.91
-13.32 25.87 11.16 15.63 853.26 58.12 4.40
-10.32 25.03 10.63 15.63 1046.51 49.37 541
-4.74 24.90 10.56 15.64 1359.95 43.89 7.07
1.83 24.84 10.54 15.64 1798.50 39.74 9.34
-13.3 27.59 11.95 15.61 773.59 66.59 4.29
-12.83 25.63 11.99 15.63 828.80 62.97 4.46
-14.63 29.82 11.72 15.64 692.24 70.42 3.94
-14.45 34.45 13.20 15.57 600.15 82.04 3.71
4.94 24.54 10.58 15.62 2040.12 38.22 10.54

4 Concluding remarks

In this study, the behavior of R450A in refrigeration systems is comprehensively
investigated and subsequently optimized for the first time to reach the maximum performance
of the system by defining two different scenarios. Using the experimental data, a hybrid multi-
objective optimization model coupling response surface method and non-dominated sorted
genetic algorithm II is established. The effects of each input parameters have been illustrated
on the 2D contour plots for each of the optimized parameters, presenting the pairwise
comparisons between the variable parameters and indicating eventual optimum operation
conditions. TOPSIS decision maker is applied to the Pareto optimal solutions to select the best
solution for each case scenario. From the outcome of this research, the following conclusions
are drawn:

L. According to the fitted correlations by RSM-CCD, the optimum models for responses
are found to be quadratic. All the established quadratic-equation models for responses
demonstrate high significance based on p-values with a 95% confidence level. The values of
experimental and estimated are also found to be very close to each other indicating efficiency
and favorable performance of the developed models. The corresponding coefficient of
determination values for the Pcomp, Qevap, COP, Tais, and myer are calculated yielding 0.9736,

0.9994, 0.9989, 0.9932, and 0.9993, respectively.
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II. Analysis of variance indicates that middle condenser temperature with a contribution
of 58.86% is more dominant than the other parameters to affect motor-compressor electrical
power consumption. The middle evaporator temperature with a contribution of 94.15%,
87.49%, 71.52%, and 96.38% is identified as one significantly affecting the cooling capacity,
coefficient of performance, discharge temperature, and refrigerant mass flow rate, respectively.
II1. In accordance with the first scenario optimum results, the maximum percentages of
reduction in the motor-compressor electrical power consumption and discharge temperature
yield 19.72% and 54.21%, respectively, and the maximum percentage of growth in the
refrigerant mass flow rate equals 230.52% when the middle evaporator temperature, middle
condenser temperature, superheating degree, and sub-cooling degree change from -14.95 °C to
8.71°C, 31.28 °C t0 24.50°C, 13.12 K to 10.49 K, and 15.65 K to 15.66 K, respectively.
V. In accordance with results obtained via TOPSIS approach, the best optimum point for
the first scenario is at a middle evaporator temperature of 8.71 °C, middle condenser
temperature of 24.50 °C, superheating degree of 10.49 K, and subcooling degree of operating
temperature of 15.66 K. The most optimum result for the second scenario is obtained using a
value of middle evaporator temperature of 6.12 °C, middle condenser temperature of 24.51°C,
superheating degree of 10.50 K, and subcooling degree of operating temperature of 15.65 K.
The research results presented in this study can be a useful aid for designers and
researchers to select the best design parameters, set up the optimal operating variables, and

enhance the performance of the system.
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