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In this study, water, 0.05 Al2O3/water and 0.05 CuO/water nanofluids as a coolant in the 

waist tubes of a radiator are investigated numerically to evaluate their thermal and flow 

performance. Results are presented in terms of temperature distribution, heat transfer 

coefficient for different states. The results indicate that coolant has a significant impact on 

the heat transfer performance of the radiator, nanofluids increase the heat transfer 

coefficient. In addition, artificial neural network (ANN) was proposed for temperature 

difference between inlet and outlet of coolant prediction, ANN shows an extremely high 

prediction accuracy. The present study can help to understand the heat and flow behaviour 

of nanofluids in the waist tube. 
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1. INTRODUCTION

Radiator is one of the most important components of

automobile engine cooling system, its role is to ensure that the 

engine works in the appropriate temperature range, avoiding 

overheating phenomenon. Its heat transfer performance 

directly affects the economy of the vehicle operation, 

reliability and the service life of engine parts. Fin-and-tube 

radiator are one of the mostly used in the automobiles. In this 

type of radiator, the heat transfer core is composed of a large 

number of Fins and tubes. As depicted in Figure 1, heat 

transfer between hot and cold fluids occurs via conduction 

through tube walls [1, 2].  

Figure 1. Fin-and-tube radiator core 

With the rapid development of automobile industry, the 

requirements for heat transfer performance of radiators are 

becoming higher and higher. a significant research effort has 

been committed by modifying thermo-physical properties of 

working fluid. 

1.1 Nanofluid as a coolant 

At present, many studies conducted on nanofluid as a 

coolant to enhance the heat transfer performance in the 

radiator, which means that just one kind of solid particles was 

dispersed into base fluids to obtain the corresponding 

nanofluids. Hussein et al. [3] have simulated the effect of a 

nanofluid on the turbulence flow in a circular tube. Their 

results indicated that the addition of TiO2 particles increase the 

heat transfer coefficient and friction coefficient. Elsebay et al. 

[4] performed a numerical study to examine the thermal

performance of two nanofluids (Al2O3 /water and CuO/water)

using flat tubes of an automobile radiator. The results

demonstrated a significant enhancement the heat transfer rate

of the automobile radiator. The increase in heat transfer

coefficient reached 45 and 38% for Al2O3 /water and CuO,

respectively compared to the values of the pure water. Zhang

et al. [5] present study fabricated a hybrid Al2O3-CuO/water

nanofluid and investigated its turbulent thermal and flow

performance in a circular tube. Results reveal a relative

enhancement of 2–35% in heat transfer performance of hybrid

Nanofluid and pressure drop enlargement ranging from 1% to

12% under various flow rates.

1.2 ANN prediction 

Artificial neural network (ANN) is a mathematical or 

computational model that mimics the structure and function of 

biological neural networks. ANN is mainly used for 

classification, prediction and cluster analysis of data. Its 

structure generally has input layer, hidden layer, output layer, 

Figure 2 shows the neural network structure that is adopted in 

this study. 

In recent years, studies have proven that ANN models are a 

more adaptive and accurate method for the prediction for heat 
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transfer related problems [6]. Wen et al. [7] proposed A novel 

genetic algorithm-optimized backpropagation artificial neural 

network for Nusselt number prediction. The developed ANN 

shows an extremely high prediction accuracy with a mean 

absolute relative deviation of 2.70%. 

 

 
 

Figure 2. Schematic diagram of neural network structure 

 

A MLP based ANN was developed by Pare and Ghosh [8] 

to estimate the thermal conductivity of metal oxide based 

nanofluids. The proposed ANN model was accurate to within 

2% of the experimental dataset. Ahmadi et al. [9] proposed 

neural networks were used to predict pressure drop of CuO-

based nanofluid in a car radiator. The outcomes indicated 

which a high accuracy in modeling and estimating the pressure 

drop of nanofluid flows in the studied. 

In this study, CFD simulation was conducted and artificial 

neural network models were employed to predict heat transfer 

performance.  

 

 

2. MATHEMATICAL MODELING 

 

2.1 Geometry of the problem and basic settings of CFD 

simulation  

 

A waist tube has a high surface to-cross- sectional flow area 

ratio, which enhances the heat transfer rate. The Figure 3. 

presents the radiator tube with waist section and a 600 mm 

length. The cooling fluid entered into the tube from one side 

and then leaved it from the other side of.  

 

 
 

Figure 3. Simulated geometry. 

 

The boundary conditions for the inlet and outlet were 

velocity inlet and pressure outlet respectively. According to 

formula (1), The Realizable k-ε model was selected to describe 

the turbulence in present study. Enhanced wall treatment 

approach was selected for the near-wall treatment and the grid 

of the wall boundary layer is encrypted. The commercial 

software of Fluent 19.2 was used to solve the governing 

equations, the Semi-Implicit Method for Pressure Linked 

Equations (SIMPLE) scheme was employed. When the CFD 

calculation converged, the required parameters of outlet fluid 

temperature, pressure and heat transfer coefficient could be 

obtained. Subsequently, the flow and thermal characteristics 

for water and hybrid nanofluids were calculated. 

 

𝑅𝑒 =
𝜌𝑣𝐷𝐻

𝜇
  (1) 

 

where, ρ is fluid density(kg/m3), v is inlet velocity(m/s), μ is 

fluid dynamic viscosity(kg/m.s), DH is hydraulic diameter(m).  

 

2.2 Governing equations 

 

To simulate the current problem, The three conservation 

equations were presented as follows [10, 11]: 

Continuity: 

 
𝜕

𝜕𝑥𝑖
(𝜌𝑛𝑁𝑖) = 0  (2) 

 

where, Ni is a component of the velocity vector(m/s), 

Momentum: 

 

𝜕

𝜕𝑥𝑖
(𝜌𝑛𝑁𝑗𝑁𝑖) = −

𝜕𝑝

𝜕𝑥𝑗
+

𝜕

𝜕𝑥𝑖
(𝜇𝑛 (

𝜕𝑈𝑗

𝜕𝑥𝑖
))  (3) 

 

where, ρn is the density of nanofluid(kg/m3), p is the 

pressure(pa), μn is nanofluid viscosity (kg/m.s)and i, j{1,2,3}. 

Energy: 

 

𝜕

𝜕𝑥𝑖
(𝜌𝑛𝐶𝑝𝑛𝑈𝑖𝑇) =

𝜕

𝜕𝑥𝑖
(𝐾𝑛 (

𝜕𝑇

𝜕𝑥𝑖
))  (4) 

 

where, Cpn is the specific heat of nanofluid (J/Kg.K), T is the 

flow temperature (K) and Kn is the nanofluid thermal 

conductivity (W/m.K). 

 

2.3 Thermophysical properties of nanofluid 

 

 
 

Figure 4. SEM images of nanoparticles [12]. (a) Al2O3, (b) 

CuO 

 

Table 1. Thermal properties of nanoparticles and base fluid [13] 

 
Material specific heat [J/kg.K] thermal conductivity [W/m.K] Density [kg/m3] Viscosity [kg/m.s] 

Water-fulid 4182 0.6 998.2 0.001003 

Al2O3-water 3591.66 0.80348 1123.02 0.00061 

CuO-water 3302.6 0.80198 1225.02 0.00061 
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The hybrid Al2O3-CuO/water nanofluid was fabricated 

through a two-step method. The Scanning Electron 

Microscope (SEM) images for these two kinds of 

nanoparticles are displayed in Figure 4. The properties used in 

this study are listed in Table 1. 

The following correlations have been used to predict 

nanofluids thermal conductivity, viscosity, specific heat and 

density, respectively [14, 15]. 

 

𝐾𝑛 = [
𝐾𝑤+2𝐾𝑤+2(𝐾𝑚−2𝐾𝑤)(1+α)3𝜑

𝐾𝑤+2𝐾𝑤−2(𝐾𝑚−2𝐾𝑤)(1+α)3𝜑
] 𝐾𝑤  (5) 

 

𝜇𝑛 = (1 + 7.3𝜑 + 123𝜑2)𝜇𝑤  (6) 

 

𝐶𝑝𝑛 =
𝜑𝜌𝑚𝐶𝑝𝑚+(1−𝜑)𝜌𝑤𝐶𝑝𝑤

𝜌𝑛
  (7) 

 

𝜌𝑛 = (1 − 𝜑)𝜌𝑤 + 𝜑𝜌𝑚  (8) 

 

where, α is the ratio of the nanolayer thickness to the original 

particle radius (α=0.1), φ is the nanoparticles volume 

concentration and the subscripts “n”, “w” and “m” refer to 

nanofluid, base fluid and particle, respectively. The properties 

used in this study are listed in Table 1. 

 

2.4 Grid independence check  

 

In order to verify that the number of grids will not affect the 

numerical simulation results, four different meshes were 

investigated and specific results are shown in Table 2. 

Considering the calculation accuracy and calculation time 

comprehensively, select 3792000 here as the number of grids 

for numerical simulation. 

 

Table 2. Grid independence verification 

 
Mesh Element number Pressure drops  Tp 

Mesh1 1188972 328.5215 23249.72 

Mesh2 1491000 328.5036 23366.15 

Mesh3 3792000 328.3513 23670.95 

Mesh4 3834874 328.3545 23671.17 

 

2.5 Validation of model 

 

Under the same working conditions, the experimental data 

are compared with simulation results, the maximum deviation 

is 10.75%, as shown in Figure 5. The results verify the 

reliability of the numerical simulation model used in this study. 

 

 
 

Figure 5. Model verification 

3. ARTIFICIAL NEURAL NETWORK (ANN) MODEL 

 

Since BP_ANN neural network has an extremely strong 

nonlinear mapping capability, Figure 6. presents a BP_ANN 

neural network used as a prediction model in this paper. The 

input layer has three nodes x1 input for the inlet temperature, 

x2 for the coolant inlet flow velocity, x3 for the density of the 

coolant, and one node for the output layer, which predicts the 

temperature difference between the outlet and inlet coolant. 

 

 
 

Figure 6. Neural network model for predicting inlet and 

outlet temperature difference 

 

After data standardization, the data is input from the input 

layer, Suppose the 𝑘 -th data sample input data is 𝑥𝑘 =

[𝑥1
(𝑘)

, 𝑥2
(𝑘)

, 𝑥3
(𝑘)

], where, the subscript is the index of the input 

node of the input layer. Then in the forward propagation of this 

network, the 𝑦𝑖  of the hidden layer is [16]: 

 

𝑦𝑖 = [𝑥1
(𝑘)

, 𝑥2
(𝑘)

, 𝑥3
(𝑘)

] ∗ [
𝑤1, 𝑖
𝑤2, 𝑖
𝑤3, 𝑖

] + 𝑏𝑖 (9) 

 

where, w1,i is the weight of the first input node in the input 

layer corresponding to the i-th node in the hidden layer; yi is 

the input of the i-th node of the hidden layer. bi is the bias of 

the i-th node of the hidden layer. 

The activation function of the hidden layer uses ReLU. 

 

ℎ𝑖 = ReLU(𝑦𝑖) = max(0, 𝑦𝑖) (10) 

 

During the forward propagation of the BP network, the 

output layer result o is: 

 

o = [ℎ
1
, ℎ

2
, ℎ

3
, ℎ

4
⋯ , ℎ12] ∗

[
 
 
 
 
 
𝑣1

𝑣2

𝑣3

𝑣4

⋮
𝑣12]

 
 
 
 
 

+ 𝑏 (11) 

 

where, v1 is the corresponding weight; b is the bias of the 

output layer; o is the temperature difference we predict. 

During data training, there is an error between the predicted 

and true values, and the loss function used in this paper is MSE, 

which is calculated as follows: 
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𝐸𝑡𝑜𝑡𝑎𝑙 =
1

2
(𝑡 − o)2  (12) 

 

where, t is the real value. 

According to the chain rule, the updated value of each 

weight can be calculated. For example, after each training of 

bias bi, it is modified as: 

 

𝑏𝑖 = 𝑏𝑖 − 𝜂
𝜕𝐸𝑡𝑜𝑡𝑎𝑙

𝜕𝑏𝑖
  (13) 

 

where, η is the learning rate; 
𝜕𝐸𝑡𝑜𝑡𝑎𝑙

𝜕𝑏𝑖
 is the gradient of Etotal in 

the direction of bi. 

In this paper, there are 40 input data, after shuffling the data, 

70% of the data are set as training set, 15% of the data are set 

as validation set and 15% of the data are set as test set. the 

learning rate is set to 0.001, the gradient descent algorithm is 

SGD, and the epoch is set to 50000. 

 

 

4. RESULTS AND DISCUSSION 

 

When the CFD calculation converged, the required 

parameters of outlet fluid temperature, pressure and heat 

transfer coefficient could be obtained. Subsequently, the flow 

and thermal characteristics for water and hybrid nanofluids 

were calculated. 

 

4.1 Temperature analysis of different coolants  

 

As shown in Figure 7, under the same working conditions, 

the temperature of liquid water in the tube is the highest, while 

that of CuO/water is the lowest. The results indicate that 

coolant has a significant impact on the heat transfer 

performance of the radiator, compared with liquid water, 

nanofluid has stronger heat transfer ability. 

 

 
 

Figure 7. Contour of temperature in the same section 

 

4.2 Analysis of inlet and outlet temperature difference and 

heat transfer coefficient 

 

Under the same working conditions, the greater the 

temperature difference between the inlet and outlet, the better 

the heat dissipation effect. It can be seen that CuO/water has 

the best heat dissipation performance from Figure 8. 

As shown in Figure 9, the heat transfer coefficient of three 

different cooling media increases with the increase of the 

volume flow rate. Under the same volume flow rate, the 

maximum heat transfer coefficient is CuO/water, and the 

minimum is water, the result indicates that the nanofluid as a 

coolant in the waist tube strengthens the heat transfer. 

 

 
 

Figure 8. Temperature difference between the inlet and 

outlet at different volume flow rate 

 

 
 

Figure 9. Heat transfer coefficient at different volume flow 

rate 

 

4.3 ANN prediction results 

 

In this paper, the modeling coefficient which is used to 

evaluate the fitting degree of the model is: 

 

𝑅2 = 1 −
𝑆𝑆𝐸

𝑆𝑆𝑇
  (14) 

 

where, SSE is the sum of squares of errors; SST is the sum of 

squares of the total.  

Generally speaking, the closer R2 is to 1, the higher the 

fitting degree of the model. Figure 10 shows the difference 

between the predicted temperature difference and the real 

temperature difference on the validation data set. The graphs 

show that the predicted values are very close to the true values. 

Figure 11 shows the goodness of fit between the real value 

and the predicted value on the validation data set. The results 

show an extremely high fit. 

Figure 12 shows the difference between the predicted 

temperature difference and the real temperature difference on 

the test data set.  

Figure 13 shows the goodness of fit between the real value 

and the predicted value on the test data set. The results show 

that the fit of the model is also good on the test data set. 
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Figure 10. Comparison of ANN modeling results with real 

data on validation data set 
 

 
 

Figure 11. Fitting degree of ANN model on validation data 

set 
 

 
 

Figure 12. Comparison of ANN modeling results with real 

data on test data set 
 

 
 

Figure 13. Fitting degree of ANN model on test data set 

5. CONCLUSION 

 

In this paper, the flow characteristics and heat transfer 

performance in a waist tubes of a radiator have been 

investigated numerically with three distinct working fluids: 

water and two water based nanofluids (Al2O3/water and 

CuO/water). Artificial neural network (ANN) was proposed 

for temperature difference between inlet and outlet of coolant 

prediction. The following conclusions are made: 

1. Coolant has a significant impact on the heat transfer 

performance of the radiator, Al2O3/water and CuO/water can 

enhance the heat transfer rate of the automobile radiator. 

2. ANN shows an extremely high prediction accuracy.  

 

 

REFERENCES  

 

[1] Karimi, A., Afrand, M. (2018). Numerical study on 

thermal performance of an air-cooled heat exchanger: 

effects of hybrid nanofluid, pipe arrangement and cross 

section. Energy Conversion and Management, 164: 615-

628. https://doi.org/10.1016/j.enconman.2018.03.038 

[2] Sadeghianjahromi, A., Wang, C.C. (2021). Heat transfer 

enhancement in fin-and-tube heat exchangers–A review 

on different mechanisms. Renewable and Sustainable 

Energy Reviews, 137: 110470. 

https://doi.org/10.1016/j.rser.2020.110470 

[3] Hussein, A.M., Dawood, H.K., Bakara, R.A., 

Kadirgamaa, K. (2017). Numerical study on turbulent 

forced convective heat transfer using nanofluids TiO2 in 

an automotive cooling system. Case Studies in Thermal 

Engineering, 9: 72-78. 

https://doi.org/10.1016/j.csite.2016.11.005 

[4] Elsebay, M., Elbadawy, I., Shedid, M.H., Fatouh, M. 

(2016). Numerical resizing study of Al2O3 and CuO 

nanofluids in the flat tubes of a radiator. Applied 

Mathematical Modelling, 40(13-14): 6437-6450. 

https://doi.org/10.1016/j.csite.2016.11.005 

[5] Zhang, S., Lu, L., Wen, T., Dong, C. (2021). Turbulent 

heat transfer and flow analysis of hybrid Al2O3-

CuO/water nanofluid: An experiment and CFD 

simulation study. Applied Thermal Engineering, 188: 

116589. 

https://doi.org/10.1016/j.applthermaleng.2021.116589 

[6] Tahavvor, A.R., Yaghoubi, M. (2012). Analysis of 

natural convection from a column of cold horizontal 

cylinders using artificial neural network. Applied 

Mathematical Modelling, 36(7): 3176-3188. 

https://doi.org/10.1016/j.apm.2011.10.003 

[7] Wen, T., Zhu, G., Jiao, K., Lu, L. (2021). Experimental 

study on the thermal and flow characteristics of 

ZnO/water nanofluid in mini-channels integrated with 

GA-optimized ANN prediction and CFD simulation. 

International Journal of Heat and Mass Transfer, 178: 

121617. 

https://doi.org/10.1016/j.ijheatmasstransfer.2021.12161

7 

[8] Pare, A., Ghosh, S.K. (2021). A unique thermal 

conductivity model (ANN) for nanofluid based on 

experimental study. Powder Technology, 377: 429-438. 

https://doi.org/10.1016/j.powtec.2020.09.011 

[9] Ahmadi, M.H., Ghazvini, M., Maddah, H., Kahani, M., 

Pourfarhang, S., Pourfarhang, A., Heris, S.Z. (2020). 

Prediction of the pressure drop for CuO/(Ethylene 

271



 

glycol-water) nanofluid flows in the car radiator by 

means of artificial neural networks analysis integrated 

with genetic algorithm. Physica A: Statistical Mechanics 

and Its Applications, 546: 124008. 

https://doi.org/10.1016/j.physa.2019.124008 

[10] Huminic, G., Huminic, A. (2013). Numerical analysis of 

laminar flow heat transfer of nanofluids in a flattened 

tube. International Communications in Heat and Mass 

Transfer, 44: 52-57. 

https://doi.org/10.1016/j.icheatmasstransfer.2013.03.00

3 

[11] Moraveji, M.K., Ardehali, R.M. (2013). CFD modeling 

(comparing single and two-phase approaches) on thermal 

performance of Al2O3/water nanofluid in mini-channel 

heat sink. International Communications in Heat and 

Mass Transfer, 44: 157-164. 

https://doi.org/10.1016/j.icheatmasstransfer.2013.02.01

2 

[12] Zhang, S., Lu, L., Wen, T., Dong, C. (2021). Turbulent 

heat transfer and flow analysis of hybrid Al2O3-

CuO/water nanofluid: An experiment and CFD 

simulation study. Applied Thermal Engineering, 188: 

116589. 

https://doi.org/10.1016/j.applthermaleng.2021.116589 

[13] Kamyar, A., Saidur, R., Hasanuzzaman, M. (2012). 

Application of computational fluid dynamics (CFD) for 

nanofluids. International Journal of Heat and Mass 

Transfer, 55(15-16): 4104-4115. 

https://doi.org/10.1016/j.ijheatmasstransfer.2012.03.052 

[14] Yu, W., Choi, S.U.S. (2003). The role of interfacial 

layers in the enhanced thermal conductivity of nanofluids: 

A renovated Maxwell model. Journal of Nanoparticle 

Research, 5: 167-171. 

https://doi.org/10.1023/A:1024438603801 

[15] Wang, X., Xu, X., Choi, S.U. (1999). Thermal 

conductivity of nanoparticle-fluid mixture. Journal of 

Thermophysics and Heat Transfer, 13(4): 474-480. 

https://doi.org/10.2514/2.6486 

[16] Jallal, M.A., El Yassini, A., Chabaa, S., Zeroual, A., 

Ibnyaich, S. (2020). AI data driven approach-based 

endogenous inputs for global solar radiation forecasting. 

Ingénierie des Systèmes d’Information, 25(1): 27-34. 

https://doi.org/10.18280/isi.250104 

  

272




