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Abstract

The optimization of MgO-water nanofluids in order to reduce the cost and increase the heat transfer 

coefficient is investigated in this study. At first, the heat transfer coefficient is obtained at various 

values of solid volume fractions, diameters of nanoparticles, and Reynolds numbers based on 

empirical data.  The cost amount is also determined in terms of solid volume fractions and 

diameters of nanoparticles. Then, the heat transfer coefficient function and the cost function are 

attained via RSM (Response Surface Method) and with a regression coefficient of over 0.997. The 

optimization is performed by the non-dominated sorting genetic algorithm which has a significant 

capability of achieving optimal response. Finally, the Pareto front, the optimal heat transfer 

coefficient, and their corresponding minimum cost have been obtained. An appropriate correlation 

is also provided to achieve the optimal model of the minimum cost in terms of the maximum heat 

transfer coefficient. Optimization results have shown that, compared to the first optimization, the 

cost has decreased about 38% in the best case. 
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1. Introduction

By the invention of nanofluids, many researchers have devoted their studies to this subject. The 

application of nanofluids in energy systems is developing quickly. 

Heat transfer enhancement and the need to more impact energy systems are just two main reasons 

that researchers have been encouraged to continue the investigation in this area. In an article, 

Eastman et al. [1] reported the thermal conductivity enhancement of 40% for metal nanofluids of 

Cu-EG at a solid volume fraction of 0.3%. Choi et al. [2] have also recorded an enhancement of 

160% for α–olefin oil nanofluids containing CNT nanoparticles.

As stated, different properties of nanofluids are investigated. Using nanofluids aims at increasing 

the rate of heat transfer in the cooling equipment. So, the convective heat transfer coefficient is 

one of the most important properties studied in nanofluids’ issue.  

Pakdaman et al. [3] have investigated thermophysical properties and overall efficiency of 

MWCNT/heat transfer oil nanofluids within the vertical helically coiled tubes. It was reported that 

the performance index of system reaches 5.1 which shows high potential of nanofluids for heat 

transfer enhancement. In an experimental study on nanofluids, Razi et al. [4] have surveyed the 

pressure drop and thermal properties of CuO-oil nanofluids, and probed nanofluid’s efficiency 

within flattened tubes at constant heat flux. The heat transfer, pressure drop and efficiency of MgO, 

MWCNT and DWCNT nanofluids have been experimentally measured in separate studies by Esfe 

et al. [5-7]. Due to the extent of subjects in nanofluids’ area, the data derived from experiments 

should be processed in order to make nanofluids as practical as possible. Recently, some 

researchers have managed to develop this method, and they processed and modeled the 

experimental data relating to the thermal conductivity [8-13] and viscosity [14-17] by means of 

artificial neural networks. Some researches were also aimed at discovering optimal modes of 

nanofluids application. For example, Yang et al. [18] optimized the turbulent flow of nanofluids 

in a rectangular rib-grooved channel using RSM-GA algorithm, Boyaghchi et al. [19] optimized 

the heat transfer, pressure drop and efficiency in micro-channels, Safikhani et al.[20] considered 

the optimization of heat transfer and pressure drop in flat tubes by ANN NSGA II algorithm, 

Halelfadl et al. [21] optimized the thermal performance and pressure drop in microchannel heat 

sinks by NSGA-II algorithm and some other studies [22-23] can be cited in this section. 

The new approach addressed in this paper, which has not been addressed in the field of nanofluids 

yet, is the optimization of heat transfer coefficient of nanofluids as compared to their cost by 

NSGA-II method using response surface approximation, at different solid volume fractions and 

sizes of nanoparticles. For this purpose, the heat transfer coefficient data of MgO-water nanofluids 
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is extracted from Esfe et al. [24]. Then, to designate the objective functions, the heat transfer 

coefficient of nanofluid is determined by experiment in terms of various quantities of solid volume 

fraction, nanoparticle’s diameter, and Reynolds number. Using the heat transfer coefficient and 

the cost in terms of intended variables, the correlation of heat transfer coefficient and the cost is 

attained. By considering obtained correlations of the optimization algorithm, results of the Pareto 

front are provided. In this study, the heat transfer coefficient in terms of the cost function is 

presented in the best case. The optimal values of solid volume fraction, nanoparticle’s diameter 

and Reynolds number are provided to achieve the maximum heat transfer coefficient and minimum 

cost.

2. The NanoFluid’s Multi-Objective Optimization 

2.1. NSGA-II Algorithm:

In this study, the multi-objective optimization is executed by non-dominated sorting genetic 

algorithm II (NSGA-II) [26]. The advantages of NSGA-II over weighting method are a uniformly 

distributed Pareto-optimal front, suitable detecting Pareto-optimal front for non-convex two 

objective problems, avoiding time consuming and presenting the Pareto-optimal solutions in a 

single run only, in the NSGA-II. Also the disadvantages of epsilon-constraint method over NSGA-

II are difficulty in choice of perfect value for Є vector, none equality-spaced Pareto solutions, 

requiring a large number of iterations like weighting method, in the epsilon-constraint method. 

Simulation results on some test problems show that the proposed NSGA-II, in most problems, is 

able to find so better spread of solutions and better convergence near the true Pareto-optimal front 

compared to Pareto archived evolution strategy (PAES) and strength Pareto evolutionary algorithm 

(SPEA) [26, 27].

This algorithm uses two functions of non-dominated sorting and crowding distance. In the non-

dominated sorting function, all points are compared two by two. Then, each answer (point) is 

calculated as many times as dominated by other answers. After this process, a set of answers which 

is dominated by no other answers, has gained the first rate and has been put in the first front. 

Setting aside these points, the comparing operation is subsequently repeated until all answers are 

ranked in fronts. This subprogram takes population members as inputs, ranks them, and puts them 

into fronts in proportion to their ranks.

The crowding distance function is designed to avoid population members accumulating in a small 

distance and avoid the remained interval being blank. This function is utilized for comparison 

between members of a front which have equal ranks. For each reference point, the normalization 
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Euclidean distance of each solution of the front, compared to the previous and the next member 

and also the first and the last member of the population, is calculated according to Eq. (1) and Fig. 

1. Normalization is used to avoid the problem that the objectives are in the different scale.

𝑑 ∗
𝑖𝑗 =

|𝑓𝑘
1 ‒ 𝑓𝑗

1|
𝑓𝑚𝑎𝑥
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1

  , 𝑑 ∗
𝑖𝑘 =
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  , 𝐶𝐷𝑖 = 𝑑 ∗
𝑖𝑗 + 𝑑 ∗

𝑖𝑘

(1)

First of all, N numbers of initial populations (Pt) are generated randomly. Then, objective function 

values are calculated for initial population and these members are ranked and their crowding 

distances are determined. Choosing parents based on the rank and CD scale via the binary 

tournament selection method, cross-over and mutation operators are applied on them. This new 

population (Qt) combines with the previous population and the sorting operation is repeated. 

Among the total available populations, which their members are also more than the initial 

population, N numbers of the population’s upper members are selected for the other generation. 

Upper fronts are firstly selected to choose the population of the other generation and then if the 

number of population members gets more than N by selecting another front, choosing a sufficient 

number of that front is done according to the CD scale. The general trend of algorithm is shown in 

Fig. 2.

The NSGA-II flowchart has been shown in Fig. 3. As specified, the response surface method has 

been employed to determine the fitness functions in the optimization algorithm. As well, genetic 

operators include cross over and mutation are applied in order to generate a new population. 

Finally, the optimization process is wrapped up with condition of repetitions number.

2.1.1. Problem formulation

The NSGA-II algorithm has been used to reduce the cost and increase the heat transfer coefficient. 

For this purpose, three variables including solid volume fraction (φ), diameter of nanoparticles 

(Dp), and Reynolds number (Re) are intended as optimization variables. 

The statement of the multi-objective optimization problem is as follows:

Minimize f(y) and maximize h(y)
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Which f(y) and h(y) are called objective function (cost and heat transfer coefficient) in GA; X 

determines design variables; gj is a constraint; nc represents the number of constraints;  and l
iX

 are the lower band and upper band of the design variables, respectively.u
iX

Given that the NSGA-II algorithm uses the genetic algorithm to create the initial population and 

produce other generations, so cross-over and mutation operators are defined [28, 29]. The single 

point cross-over operator and the Gaussian mutation operator are applied in this section. 

Parameters of crossover percentage and mutation percentage are respectively set as 0.8 and 0.5; 

and mutation rate is set as 0.3. These values have been obtained with multiple runs of the 

optimization algorithms with different probability and different population size and compare the 

results. 

Objective functions in the two-objective optimization are included the cost function and the heat 

transfer coefficient function. The cost evaluation function and the heat transfer coefficient can be 

achieved with the help of empirical data and using response surface method.

2.2. Approximation of objective functions

2.2.1. Response Surface Methodology

Response Surface Methodology (RSM) is a powerful tool for optimization in engineering 

problems. The approach is applicable when there are several variables that affect the efficiency of 

a system. The term of “response” implies the performance index of system where independent 

variables (or input variables) are adjusted by the operator. The focus of this research is the 

exploitation of RSM to develop a suitable correlation between input variables and the response. 

The correlation is based on the obtained data from the system. Consider the following correlation 

[25]:
𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝜀 (3)

The above equation is a linear function of three unknown parameters i.e. , and . The β0  β1  β2

independent variables are commonly called predictor variables, and y is the target x1and x2 

function.

To determine the regression coefficients of β in Eq. (3), least squares approach is utilized. 
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The matrix form of Eq. (3) can be written as: 

𝑌 = 𝑋𝛽 + 𝜀 (4)

where Y is an n × 1 vector of the observations, X is an n × p matrix of the levels of the independent 

variables, β is a p × 1 vector of the regression coefficients, and ε is an n × 1 vector of random 

errors.

To gauge the precision of the linear regression model, several techniques are available such as 

properties of the Least Squares Estimators.

Least squares approach produces an unbiased estimator of the parameter β in the multiple linear 

regression models. The sum of squares of the residuals is defined as:

𝑆𝑆𝐸 =
𝑛

∑
𝑖 = 1

(𝑦𝑖 ‒ 𝑦𝑖)
2 =

𝑛

∑
𝑖 = 1

𝑒2
𝑖 = 𝑒𝑇𝑒 (5)

where ei is the difference between the measured value yi and the exact value  ; the n×1 vector of 𝑦𝑖

residuals is denoted by:

𝑒𝑖 = 𝑦𝑖 ‒ 𝑦𝑖 (6)

Because , hence one may derive a computational formula for SSE as: 𝑋𝑇𝑋𝑏 = 𝑋𝑇𝑦

𝑆𝑆𝐸 = 𝑦𝑇𝑦 ‒ 𝑏𝑇𝑋𝑇𝑦    (7)

Eq. (7) is called the error or residual sum of squares.

Unbiased estimator of  can be shown as:𝜎2

𝜎2 =
𝑆𝑆𝐸

𝑛 ‒ 𝑝
(8)

where n is the number of measurements and p represents the number of regression coefficients. 

The total sum of squares is:

𝑆𝑆𝑇 = 𝑦𝑇𝑦 ‒

(
𝑛

∑
𝑖 = 1

𝑦𝑖)2

𝑛 =  
𝑛

∑
𝑖 = 1

𝑦2
𝑖 ‒

(
𝑛

∑
𝑖 = 1

𝑦𝑖)2

𝑛

(9)

Then the coefficient of multiple determination  is defined as 𝑅2

𝑅2 = 1 ‒
𝑆𝑆𝐸

𝑆𝑆𝑇
(10)
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R2always rises as the number of terms in the model increases, so to avoid this issue it is preferred 

to use an adjusted R2 as:

 𝑅𝑎𝑑𝑗
2 = 1 ‒

𝑆𝑆𝐸
(𝑛 ‒ 𝑝)

𝑆𝑆𝑇
(𝑛 ‒ 1)

= 1 ‒
𝑛 ‒ 1
𝑛 ‒ 𝑝(1 ‒ 𝑅2) (11)

In the next step, a cubic regression is utilized to assess the response variables achieved from the 

experiments so that the best fitting is obtained by the mathematical model. The accuracy of 

regression models were also tested by means of the analysis of variance (ANOVA).

For the flow of MgO/water nanofluid in a double tube heat exchanger, heat transfer coefficient 

data in terms of solid volume fraction, diameter of nanoparticle, and Reynolds number have been 

used to approximate the proper correlation by response surface method. The heat transfer 

coefficients data are for solid volume fractions in range of 0.5 to 2%, nanoparticle size in the range 

of 20nm to 60nm and Reynolds numbers between 2865 and 25760. Figure 4 shows a schematic of 

the experimental set-up along with the measured data given in Ref. [24]. 

2.2.2. Analysis of variance (ANOVA)

The statistical significance is evaluated for those cubic models by the ANOVA. The ANOVA 

results of the cubic model of the heat transfer coefficient are listed in Table 1. In the heat transfer 

coefficient model, the large value of the coefficient of multiple determination (R2 = 0.9979). The 

large F-value is 7004 indicates the great significance of the regression model. The associated P-

values less than 0.05 for the model indicate that the model terms are statistically significant and 

the effects of the model terms with the P-value greater than 0.05 are insignificant. All of the 

insignificant terms of the model have been eliminated.

Table 2 gives the ANOVA results of the cubic model of the standard deviation of cost. It is obvious 

that cost function has no relation by Re. So, the cost model has been presented in terms of φ and 

Dp. The cost regression model has a high value of goodness-of-fit (R2 = 0.9973). This implies that 

only 0.27% of total variation cannot be reflected by the cubic model, which implies the model 

reflects the response variable accurately. The high F-value of 7605 and low P-value in regression 

model indicate the significance of the regression model.

2.2.3. Regression model of responses
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The regression response surface models for evaluating the objective functions of heat transfer 

coefficient and cost are presented as:
ℎ

= ‒ 17.4 + 68.38 𝜑 + 0.44 𝐷𝑝 + 0.01 Re ‒  0.11 𝜑.𝐷𝑝 ‒ 0.0003 𝜑.𝐷𝑝 ‒ 0.00004 𝐷𝑝.Re
‒  58.3 𝜑2 ‒ 0.0049 𝐷𝑝

2 + 0.0009 𝜑2.𝑅𝑒 +  15.7 𝜑3
(12)

𝐶𝑜𝑠𝑡
= 21.56 ‒  90.88 𝜑 +  19.14 𝐷𝑝 ‒  1.21  𝜑.𝐷𝑝 +  38.46 𝜑2 ‒ 0.56 𝐷𝑝

2 + 0.27 𝜑2.𝐷𝑝
‒ 18.3  𝜑3 + 0.004 𝐷𝑝

3
(13)

The normal probability plots of the residuals for heat transfer coefficient and cost have been 

shown in Figs. 5(a) and 5(b), respectively.

Fig. 6 shows a comparison between predicted and experimental values of the response variable 

of heat transfer coefficient and cost by using resulted three-order polynomial equations. Results 

confirm that the experimental values are in good agreement with the predicted values.

The three-dimensional response surface graph of the cost in terms of two variables of the solid 

volume fraction and diameter of the nanoparticle is demonstrated in Fig. 7.

The three-dimensional response surface graph of the heat transfer coefficient in terms of the solid 

volume fraction, the diameter of the nanoparticle, and Reynolds numbers is presented. The heat 

transfer coefficient at solid volume fractions of 0.5, 1.25 and 2 is provided in Figs. 8. The heat 

transfer coefficient at Reynolds numbers of 2865, 14312 and 25760 is shown in Fig. 9, and finally 

the heat transfer coefficient at nanoparticle’s diameters of 20nm, 40nm, and 60nm is displayed in 

Fig. 10. As observed in Figs. 8-10, the graphs tend to show relatively flat behavior except the graph 

that indicates the heat transfer coefficient variations versus volume fraction and particle diameter 

at low Reynolds number of 2865. This clearly unveils at low Reynolds numbers, the importance 

of optimization is more pronounced. 

3. Results and Discussion

In several steps and at different values of the population members and the number of repetitions, 

the intended algorithm is executed in order to achieve the optimal result. The result of optimization, 

for the population of 50 members and repetition of 15 times, is presented in Fig. 11 as the 

terminating condition. Results in the first, the fifth, the tenth, and the Pareto front of optimization 

is presented in the figure to be compared the optimization process. These results are related to the 
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dominated and non-dominated fronts that the impact of dominated results elimination in each 

repetition is clearly recognizable. As obvious in the figure, values of optimum points in each 

optimizing generation is optimized compared to the previous generation and the best results have 

been finally presented. This trend indicates the performance rectitude of the optimization 

algorithm. The Pareto front curve is provided in the figure. Optimum points of the heat transfer 

coefficient and its equivalent cost can be obtained with the help of this curve. Considering the 

results, in order to reach the heat transfer coefficient of 280 W/m2K, the cost is equal to 355$ per 

liter in the first generation, and 218$ per liter in the last generation which is in the Pareto front. 

This result proves that the optimization has been able to reduce the cost up to 38%.

The robustness of NSGA-II could be seen in Fig. 12. The curve fitted of the first, fifth, tenth, and 

the Pareto front of optimization is presented in the figure to be compared the optimization process. 

This shows that the further fronts are better in compare with previous fronts. The distance between 

any fronts is demonstrated by d1, d2, d3 and d4 in the figure.

Two-objective optimization’s Pareto front for the heat transfer coefficient increment and the cost 

decrement is provided in Fig. 13. The last front of optimization is the Pareto front in which all 

points, compared to each other, are optimized and non-dominated. It can be concluded from the 

results that there will be about 10% of cost increment with the promotion of the heat transfer 

coefficient from 160 to 240 W/m2K. Given the slight increase of the cost in this range, results of 

the first optimal zone can be utilized in industrial affairs. With increasing the heat transfer 

coefficient from 240 to 290 W/m2K in the second range the expenses will be raised by 25%. 

Optimal results of this range can be used in experimental studies. The latest range of optimal results 

is related to particular utilizations of nanofluids. The cost increment in this section, due to the 

variation of heat transfer coefficient from 290 to 320 W/m2K, is about 40%. As it is obvious in 

Fig. 13, if the cost function was the essential objective function, the first row in Table 3 is the best 

selection. Although for the optimum heat transfer coefficient, the second row in Table 3 is the best 

selection. The optimum values have been colored in the Table (rows 1 and 2).  

Equation (14) is provided to achieve the optimal model of reaching the maximum heat transfer 

coefficient. It can be predicted by this Equation that how much the minimum required cost would 

be in terms of the specific heat transfer coefficient.

𝐶𝑜𝑠𝑡 =‒  515.51 + 9.4648 ℎ ‒  0.045684   ℎ2 +  0.000076 ℎ3 (14)
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One of the Pareto points is usually selected as a trade of point in the multi-objective optimization. 

In fact, the point of trade is a balance between the values of objective functions and in accordance 

with designer requirements and which objective function is more valuable for him, the designer 

can choose one of the Pareto front points. Unlike the weighting coefficients method, the Pareto 

optimization includes a set of optimal points that will be achieved by changing the coefficients. 

The optimal results in terms of each of variables of solid volume fraction, nanoparticle’s diameter, 

and the Reynolds number are provided in Table 3. According to the amount of heat transfer 

coefficient, values of φ, Dp and Re with the lowest cost have been offered on the table.

As the results show, it is possible for the designer to select his optimal design through the provided 

results. The ultimate choice depends on the importance of each heat transfer coefficient and the 

cost functions for the designer and the selections can be replaced by each other. According to the 

results, the minimum cost is equal to $336 per liter in terms of heat transfer coefficient of 320 

W/m2K, and it is equal to $145 per liter in terms of heat transfer coefficient of 160 W/m2K. The 

result reflects optimal costs respectively associated with the minimum and the maximum heat 

transfer coefficient.

4. Conclusion

Optimization of thermal systems has always motivated engineers and scholars because an 

optimized energy system presents many benefits such as reduction of operating costs, lowering 

harmful effects on environment, and saving in fossil energy sources. In the present work, the 

optimization of MgO-water nanofluids in order to increase the heat transfer coefficient and reduce 

the cost has been considered. In this optimization, response surface method is employed to 

determine the objective functions. To determine the objective functions, the heat transfer 

coefficient of nanofluids in terms of various values of solid volume fractions, diameters of 

nanoparticles and Reynolds numbers are specified by experiment. Using the heat transfer 

coefficient and the cost in terms of intended variables, the response surface and the correlation 

between the heat transfer coefficient and the cost have been obtained. The correlation has a high 

precision and a regression coefficient of over 0.997. Using determined objective functions, the 

multi-objective optimization is performed by NSGA-II. Pareto front results show that due to the 

cost increment, the maximum heat transfer coefficient is achieved in three zones. The results 

indicate that changing the heat transfer coefficient from 171 to 320 W/m2K, the cost increases from 

145$ per liter to 336$ per liter in the best case. Both the heat transfer coefficient’s changes and 
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optimization results have shown that the cost has fallen about 38% in the best case compared to 

the first generation. 
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Table 1: Analysis of variance (ANOVA) for heat transfer coefficient:

Source DF Adj SS Adj MS F P

Model 11 764633 69512 7004 < 0.0001

φ 1 1688 1688 170 < 0.0001

DP 1 13937 13937 1404 < 0.0001

Re 1 254033 254033 25595 < 0.0001

φ. DP 1 155 155 16 0.0001

φ. Re 1 10953 10953 1104 < 0.0001

DP. Re 1 2556 2556 258 < 0.0001

φ 2 1 2011 2011 203 < 0.0001

DP
 2 1 133 133 13 0.0003

Re2 1 1411 1411 142 < 0.0001

φ 2. Re 1 464 464 47 < 0.0001

φ 3 1 305 305 31 < 0.0001

Residual error 164 1628 10

Total 175 766261

Standard deviation = 3.15

Predicted residual error of sum of squares (PRESS) =1895.17

R2 (Adequate) = 99.79% R2 (Predicted) =99.77% R2 (Adjusted) =99.75%
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Table 2: Analysis of variance (ANOVA) for heat transfer coefficient:

Source DF Adj SS Adj MS F P

Model 8 720842 90105 7605 < 0.0001

φ 1 27689 27689 2337 < 0.0001

DP 1 39154 39154 3305 < 0.0001

φ. DP 1 3361 3361 284 < 0.0001

φ 2 1 4037 4037 341 < 0.0001

DP
 2 1 2246 2246 190 < 0.0001

φ 2. DP 1 177 177 15 0.0002

φ 3 1 416 416 35 < 0.0001

DP
 3 1 4623 4623 390 < 0.0001

Residual error 167 1979 12

Total 175 722820

Standard deviation = 3.44

Predicted residual error of sum of squares (PRESS) =2185.02

R2 (Adequate) = 99.73% R2 (Predicted) =99.71% R2 (Adjusted) =99.70%
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Table 3: Optimum points of the multi-objective optimization

φ Dp (nm) Re Heat transfer coefficient Cost

0.46 57 20151 160 145
1.82 35 30977 320 336
0.47 57 21903 171 146
0.95 51 31078 245 195
1.91 48 30924 312 272
1.35 53 34414 280 218
0.62 56 26706 203 156
1.82 41 31082 314 307
1.56 53 32525 285 234
1.22 53 31929 258 208
0.62 57 23478 185 156
0.83 54 32507 244 176
0.55 57 23197 181 151
1.35 56 32340 264 209
0.70 56 30174 226 164
0.71 56 27976 213 162
1.83 49 30897 302 263
0.74 54 31945 238 170
0.66 53 30992 232 167
0.63 56 27689 210 158
1.82 37 30977 318 328
1.82 39 31274 317 313
1.82 47 30989 304 270
1.59 49 33109 296 251
1.49 49 33109 289 245
0.57 57 23419 183 152
0.62 57 23478 184 155
1.50 49 33109 289 246
1.55 49 33109 293 249
1.55 49 33109 293 249
1.59 49 33109 296 251
1.82 35 30977 319 333
1.82 40 31069 314 308
1.82 36 30990 319 330
1.82 40 31286 316 310
1.82 40 31278 316 311
1.82 39 31282 317 313
1.82 36 30977 319 332
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1.82 36 30977 319 332
0.46 57 20151 160 145

Fig. 1 Calculation of crowding distance  in NSGA-II
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Fig. 2 Structure of NSGA-II
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a)
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b)
Fig. 4. (a) Experimental set-up for MgO/water nanofluid flow in double tube heat exchanger (b) heat 

transfer coefficients for various volume fractions of nanoparticles [24]

Standardized Residual

(a)
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Standardized Residual

(b)

Fig. 5 Normal probability plot residuals. (a) heat transfer coefficient (b) Cost

Experimental

(a)
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Experimental

(b)

Fig. 6 Comparison of the experimental results and predicted values (a) h (b) Cost

Fig. 7 Three-dimensional response surface graph of cost
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a) 
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b) 

     c) 

Fig.8 Three-dimensional response surface graphs of heat transfer coefficient for (a) ϕ =0.5, (b) 
ϕ=1.25, (c) ϕ=2



ACCEPTED MANUSCRIPT

27

a) 

b) 

c) 

Fig.9 Three-dimensional response surface graphs of heat transfer coefficient for 

(a) Re = 2865, (b) Re = 14312, (c) Re = 25760
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a) 

b) 

c) 

Fig.10 Three-dimensional response surface graphs of heat transfer coefficient 

for (a) Dp = 20 nm, (b) Dp = 40 nm, (c) Dp = 60 nm
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Fig. 11 Multi-objective optimization results by NSGA-II
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Fig. 12 Robust solutions obtained using NSGA-II 
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Fig. 13 Pareto optimal front 
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Highlights:

Multi-objective optimization of a double tube heat exchanger using nanofluids done. 

Objective functions were heat transfer coefficient and cost. 

Various sizes and volume fractions of particles as well as Reynolds number considered

A correlation is achieved to determine the optimal conditions 


