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Abstract: Artificial Intelligence (AI) algorithms are increasingly being employed as substitutes for 

conventional methods or as components within integrated systems. They have demonstrated effectiveness 

in addressing complex applied problems across various domains, gaining popularity in the present 
context. AI approaches exhibit the ability to learn from patterns, tolerate faults by handling noisy data, 

and manage non-linear problems. Once trained, they excel in generalization and fast estimation. This 

survey presents a comprehensive review of AI algorithms developed for investigating nanofluid-related 

issues. In nanofluid research, the most commonly used neural network model is Multilayer perceptron 
neural network (MLP), while the Radial Basis Function Neural Network (RBF-ANN) is the preferred 

training method. the Generalized Regression Neural Networks (GRNNs) exhibit a simple structure that 

reduces learning time, making them particularly suitable for nanofluids modelling. Consequently, for 

nanofluids with a large number of samples, the use of RBF-ANN is recommended. The findings 
demonstrate the substantial potential of ANN methods as predictive and optimization tools for 

nanofluids. This paper highlights the recent researches done for evaluating thermo-physical properties 

of nanofluids using AI algorithms. 

Keywords: AI: Artificial Intelligence, ANN: Artificial Nural Network, RBF-ANN: radial basis function 
neural network, GRNN: generalized regression neural networks, MLP: Multilayer perceptron neural 

network. 

1. INTRODUCTION 

Nonmaterial’s have demonstrated considerable potential in diverse engineering domains [1,2]. The 

incorporation of nanoparticles, with dimensions ranging from 1 to 100 nm, into a base fluid during heating and 

cooling processes represents a viable approach for enhancing the overall heat transfer coefficient between the 

fluid and the adjacent surfaces [3,4]. Nanofluids have emerged as a contemporary and captivating category of 

nanotechnology-based heat transfer fluids, exhibiting substantial advancements over the past two decades. They 

demonstrate notably enhanced thermal conductivity and superior convective heat transfer characteristics in 

comparison to conventional fluids [5-7]. Consequently, nanofluids have garnered significant attention from 

researchers who seek to explore their potential in addressing the challenges posed by cooling technology and 

thermal management [8-9]. The thermal conductivity of ethylene glycol-based silicon carbide (SiC/EG) and 

water-based silicon carbide (SiC/DW) was measured and it was observed that SiC/DW NFs and SiC/EG NFs 

showed increment in thermal conductivity by 25 and 16%, respectively at 5 vol.% when compared with base 

fluids [10]. In the context of nanofluids, a considerable number of review articles have emerged over the past 

decade, comprehensively investigating diverse facets of their utilization in various applications. These 

applications encompass areas such as electronic cooling, solar systems, heat exchangers, microchannel systems, 

refrigeration applications, and phase change materials (PCMs) [11] and many researchers used Artificial 

Intelligence (AI) algorithm to predictive properties of nanofluids [12-17].  The neologism "artificial 

intelligence" was first introduced in 1956 by John McCarthy, a distinguished professor from the Massachusetts 
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Institute of Technology (MIT), who coined the term for the purpose of an academic conference convened during 

the same year. The inaugural AI program, Logic Theorist, which was showcased at the Dartmouth Conference, 

demonstrated its capability in proving mathematical theorems [18]. At present, AI research has diversified into 

several intriguing domains, prominently encompassing expert systems, neural networks, and robotics [19]. 

Nanotechnology encounters inherent physical constraints within its operational scale, wherein the governing 

principles diverge markedly from the macroscopic realm [11,18]. The estimation of thermal, kinematic and 

physical properties is very complex, time consuming and resource consuming process. Consequently, the 

accurate interpretation of outcomes derived from systems or devices at this nanoscale constitutes a prominent 

challenge confronting the field of nanotechnology. Various artificial intelligence tools that can be used for 

modelling and prediction of thermal, kinematic and physical properties of nanofluids are artificial neural 

network (ANN), fuzzy logic, computational fluid dynamics (CFD), ant colony optimization (ACO) algorithm, 

adaptive network-based fuzzy inference system (ANFIS) etc. For example, ML was used for modelling the 

dynamic viscosity of nanofluids [20] and artificial neural network (ANN) was used to predict the thermal 

properties of nanofluids, for various applications in cooling and renewable energy [21]. 

 

2. MACHINE LEANING (ML) TECHNIQUES IN NANOTECHNOLOGY 

Nanofluids exhibit highly intricate thermophysical characteristics and are extensively utilized in intricate heat 

exchange processes and energy systems. Their impact on heat transfer, fluid dynamics, optical properties, and 

radiative performance demonstrates nonlinear behaviour. Consequently, the application of machine learning 

(ML) techniques becomes pertinent in nanofluid research. Several ML methodologies, including artificial neural 

networks (ANNs) such as the multi-layer perceptron artificial neural network (MLP-ANN) and radial basis 

function artificial neural network (RBF-ANN), group method of data handling (GMDH), adaptive neuro-fuzzy 

inference system (ANFIS), category and regression tree (CART), random forest (RF), and support vector 

machine (SVM) including the least-square support vector machine (LS-SVM), have been investigated. 

Additionally, these ML approaches can be effectively combined with metaheuristic algorithms such as genetic 

algorithm (GA), particle swarm optimization (PSO), and imperialist competitive algorithm (ICA) to further 

enhance prediction accuracy and computational efficiency [22]. Artificial neural network Artificial Neural 

Networks (ANNs) stand out as the foremost and widely adopted algorithms in the realm of artificial intelligence 

[23]. They are favoured due to their favourable learning capabilities, especially in handling non-linear processes 

based on input patterns. Additionally, ANNs possess the capacity to learn diverse models, making them a viable 

alternative to complex analytical correlations. As a result, employing ANNs in numerical simulations 

significantly reduces both computation volume and time. The foundational structure of ANNs is inspired by the 

brain, comprising a collection of interconnected processing units, akin to the neural network's basic components. 

ANN has four types of algorithms as shown in figure 1 [24]. 

 

FIGURE1. Artificial neural network algorithms 

2.1 Group method of data handling algorithm (GMDH): The GMDH technique was originally introduced by 

Ivakhnenko (1971) as a multivariate approach for modelling and recognizing intricate systems [25]. It operates 

as a self-organizing algorithm, generating complex models by evaluating their performance on a set of multi-

input, single-output data patterns. The fundamental concept behind GMDH involves creating a theoretical 

function within a feed-forward network, utilizing a quadratic node transfer function with coefficients determined 

through regression. This process results in a model represented by interconnected neurons, employing quadratic 

polynomials within each layer, and generating new neurons in subsequent layers. This phenomenon enables the 
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mapping of inputs to outputs effectively. In recent times, many researches have been conducted to evaluate the 

thermo-physical properties of nanofluids [26-29] as listed in Table 1. 

 
TABLE 1. Applications of GMDH-type ANN for predicting the properties of nanofluids 

Research Algorithm Results Reference 

Prediction of viscosity 
of nine nanofluids 

GMDN-type 
ANN 

• Predicted viscosity values high accuracy 

with 2.14% average absolute relative 

deviation with0.9978 regression factor. 

[26] 
 

 

Estimation of volume 

fraction concentration 

on dimensional 
parameters 

GMDN-type 

ANN 
• Nusselt number showed direct relation 

with volume fraction while inverse relation 

was noticed for Reynolds number and 

magnetic parameter. 

[27] 

 

Predicting the effects of 

processing parameters 

on viscosity of 

Al2O3/DW nanofluid 

GMDN-type 

ANN 
• Viscosity showed direct relation with 

volume fraction (0-5%) and inverse 

relation with temperature (20-70°C). 

[28] 

 

Modelling the pressure 

drop and convective 

heat transfer coefficient 

for Al2O3/DW 

nanofluid in flat tubes 

GMDN-type 

ANN 
• Effective precision was noticed in 

predicted results. 

[29] 

 

 

 

 2.2 Multilayer perceptron neural network (MLNN): MLP neural networks have found prominent application 

in nanofluids research compared to other types of artificial neural networks (ANNs). These networks consist of 

interconnected neurons organized in layers with unidirectional connections to subsequent layers. A significant 

attribute of MLP neural networks, particularly when employing the Backpropagation (BP) training approach, 

lies in their capacity to establish nonlinear mappings from input data to outputs based on acquired rules from the 

provided data. The training process of these ANNs involves iteratively updating biases and weights using the 

backpropagation method [11]. MLNN, due to their capacity to process input and output data for tasks like 

classification and regression, have garnered extensive utilization across diverse domains, including pattern 

recognition, image and speech processing, natural language processing, and financial modelling, among others. 

However, their effectiveness heavily relies on an abundant supply of labelled training data to prevent overfitting 

and ensure robust generalization. Despite their versatility, MLNNs can be computationally demanding and 

necessitate significant computational resources for training and inference, particularly when handling large-scale 

and high-dimensional datasets. In contemporary studies, numerous investigations have been undertaken to 

assess the thermophysical characteristics of nanofluids using MLNN [30-33], which are detailed in Table 2. 

 
TABLE 2. Applications of ML Pneural network for predicting the properties of nanofluids 

Research Algorithm Results Reference 

Modelling the thermal 

conductivity of 

graphene nanofluid 

MLP neural 

network 
• Great accuracy with the obtained results in 

the temperature range of 20-50°C 

[30] 

 

Predicting the viscosity 

of nanofluids with 
varying concentration, 

temperature and 

nanoparticles size 

MLP neural 

network 
• Precise estimation of viscosity of eight 

types of nanofluids 

[31] 

 

Measuring the 

viscosity of TiO2/DW 

nanofluid 

MLP neural 

network 
• Results showed that at higher nanoparticles 

concentration, it’s difficult to predict the 

corelations 

[32] 

 

Estimation of viscosity 

of propylene glycol 

and water mixture 
based CuO nanofluid 

MLP neuro 

network 
• Result of ANN were in good accuracy with 

the experimental results 

[33] 

 

 

The thermohydraulic properties of an Al2O3/DW nanofluid were investigated in channels with discrete heat 

sources, using numerical solutions that incorporated temperature-dependent properties (Figure 2) [34]. The 

study revealed periodic variations in thermal conductivity along the channels, with an increase in amplitude 

observed as the nanoparticle concentration was augmented and the particle diameter was reduced. To predict the 

convective heat transfer coefficient and pressure loss, a Multi-Layer Perceptron (MLP) neural network was  
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employed. The developed model exhibited remarkable performance, achieving average relative errors of 

0.0029% for pressure loss and 0.0071% for convective heat transfer coefficient prediction. 

 

 

FIGURE 2. Time interval profile  

A MLP neural network was employed to model heat transfer in laminar free convection of water-copper 

nanofluid within a differentially heated square cavity as shown in figure 3 [35]. The nanofluid was treated as a 

non-Newtonian liquid. The neural network was trained using the resilient-propagation approach, with input and 

output patterns obtained from concurrent numerical solutions. The neural network demonstrated accurate 

prediction of heat transfer within the specified domain, aligning with the training data. 

2.3 Generalized regression neural network (GRNN):  GRNN is a type of artificial neural network (ANN) that 

has demonstrated efficient training, simplicity, and versatility in function approximation and prediction. Several 

research papers in the literature have utilized GRNN for the evaluation of nanofluids.  The performance and 

pollutant emissions of a compression ignition engine using diesel nanoparticles fuel were assessed. The Al2O3 

nanoparticles were employed as additives in the diesel fuel. The results demonstrated a significant impact on 

engine efficiency, leading to reduced specific fuel consumption compared to conventional methods using base 

fuels [36]. To establish a correlation between fuel consumption, brake power, CO, HC, and NOx, a GRNN 

neural network was constructed. Various speeds and alumina nanoparticles were utilized as input data for the 

model. The predicted results of the model exhibited mean square errors of 8.6470e-4, 9.6346e-5, 0.0213, 

2.5836e-4, and 0.0088 for fuel consumption, power, HC, NOx, and CO, respectively. Some researchers 

compared the predicted data with experimental results [37], while others referenced existing literature [38]. It is 

important to acknowledge that, given the intricacy of the issues and diverse influencing factors, these 

correlations often offer models specific to certain types of nanofluids. 

 

FIGURE 3. Set up designed to estimate thermal conductivity  
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2.4 Radial basis function artificial neural network (RBF-ANN): RBF neural networks are classified as two-

layer architectures due to their training procedure, which comprises two distinct steps or layers. In the initial 

step, the input data set is exclusively utilized to determine the variables of the basic functions, i.e., the first-layer 

weights. The subsequent step is supervised in nature, as it necessitates both input data and corresponding target 

data. It is noteworthy that optimization is accomplished using the conventional least squares method. In current 

research, extensive investigations have been conducted to analyse the thermophysical properties of nanofluids 

employing RBF-ANN [39-40], as documented in Table 3. 

 
TABLE 3. Applications of RBF-ANN for predicting the properties of nanofluids 

Research Algorithm Results Reference 

Modelling the 

viscosity of nanofluid 

RBF-ANN • Great accuracy with the obtained viscosity 

value, which showed direct relation with 

increasing temperature 

[39] 

 

Predicting the 

characteristics of 3 

nanofluids with 
surfactant on pool 

boiling of water on 

horizontal rod heater 

RBF-ANN • The findings demonstrate that the treated 

water exhibited higher boiling efficiency 

than distilled water.  

• The incorporation of alumina, SDS, and 

the surfactant-zinc oxide combination 
improved boiling performance, while the 

addition of nano-silica reduced the pool 

boiling factor.  

• Moreover, the model outputs aligned 

consistently with the experimental results. 

[40] 

 

 

3. CONCLUSION 

The utilization of Artificial Neural Networks (ANN) is favoured due to their precision and ease of formulation 

without requiring complete knowledge of the system. These AI algorithms are simple to apply, adapt, and can 

overcome lengthy time delays. Among various neural network models, the Multilayer Perceptron (MLP) neural 

network has been extensively studied and employed in the field of nanofluids due to its simplicity. In nanofluid 

research, the most commonly used neural network model is MLP, while the Radial Basis Function Neural 

Network (RBF-ANN) is the preferred training method. Although MLP is widely employed, RBF neural 

networks have also found significant application in the nanofluids domain. Despite requiring more neurons than 

standard feed-forward ANNs, RBF-ANN can be developed in a shorter time compared to MLP neural networks. 

Furthermore, the Generalized Regression Neural Networks (GRNNs) exhibit a simple structure that reduces 

learning time, making them particularly suitable for nanofluids modelling when ample training vectors are 

available. Consequently, for nanofluids with a large number of samples, the use of RBF-ANN is recommended. 

However, it is important to acknowledge that despite the efficiency of neural networks in predicting nanofluid 

characteristics, selecting the appropriate ANN type and determining its configuration still pose challenges. 

Further research and exploration are needed in this area. 

 

 REFERENCES 

[1]. Ali, M. K. A., Xianjun, H., Abdelkareem, M. A., Gulzar, M., and Elsheikh, A. H. (2018). Novel approach of the 
graphene nanolubricant for energy saving via anti-friction/wear in automobile engines. Tribology 

International, 124, 209-229. 

[2]. Ahmed Ali, M. K., Xianjun, H., Abdelkareem, M. A., and Elsheikh, A. H. (2019, July). Role of nanolubricants 

formulated in improving vehicle engines performance. In IOP Conference Series: Materials Science and 
Engineering (Vol. 563, No. 2, p. 022015). IOP Publishing. 

[3]. Reddy, P. S., andChamkha, A. J. (2016). Influence of size, shape, type of nanoparticles, type and temperature of 

the base fluid on natural convection MHD of nanofluids. Alexandria Engineering Journal, 55(1), 331-341. 

[4]. Elsheikh, A. H., Sharshir, S. W., Mostafa, M. E., Essa, F. A., and Ali, M. K. A. (2018). Applications of nanofluids 
in solar energy: a review of recent advances. Renewable and Sustainable Energy Reviews, 82, 3483-3502. 

[5]. Bahiraei, M., Naghibzadeh, S. M., andJamshidmofid, M. (2017). Efficacy of an eco-friendly nanofluid in a 

miniature heat exchanger regarding to arrangement of silver nanoparticles. Energy Conversion and 

Management, 144, 224-234. 
[6]. Bahiraei, M., andAlighardashi, M. (2016). Investigating non-Newtonian nanofluid flow in a narrow annulus based 

on second law of thermodynamics. Journal of Molecular Liquids, 219, 117-127. 



 

 

 

 

 Somveer.et.al /REST Journal on Data Analytics and Artificial Intelligence 2(3), September 2023, 55-61 

 

 

Copyright@ REST Publisher                                                                                                                                                   60 
 

[7]. Bahiraei, M., Gharagozloo, K., Alighardashi, M., and Mazaheri, N. (2017). CFD simulation of irreversibilities for 
laminar flow of a power-law nanofluid within a minichannel with chaotic perturbations: An innovative energy-

efficient approach. Energy Conversion and Management, 144, 374-387. 

[8]. [8]Bahiraei, M., Heshmatian, S., and Keshavarzi, M. (2019). A decision-making based method to optimize energy 

efficiency of ecofriendly nanofluid flow inside a new heat sink enhanced with flow distributor. Powder 
Technology, 342, 85-98. 

[9]. Khodabandeh, E., Bahiraei, M., Mashayekhi, R., Talebjedi, B., andToghraie, D. (2018). Thermal performance of 

Ag–water nanofluid in tube equipped with novel conical strip inserts using two-phase method: geometry effects 

and particle migration considerations. Powder Technology, 338, 87-100. 
[10]. Ezekwem, C., and Dare, A. (2020). Thermal and electrical conductivity of silicon carbide nanofluids. Energy 

Sources, Part A: Recovery, Utilization, and Environmental Effects, 1-19. 

[11]. Bahiraei, M., Heshmatian, S., and Moayedi, H. (2019). Artificial intelligence in the field of nanofluids: A review 

on applications and potential future directions. Powder Technology, 353, 276-301. 
[12]. Ciano, T., Ferrara, M., Babanezhad, M., Khan, A., and Marjani, A. (2021). Prediction of velocity profile of 

waterbased copper nanofluid in a heated porous tube using CFD and genetic algorithm. Scientific Reports, 11(1), 

10623. 

[13]. Babanezhad, M., Behroyan, I., Nakhjiri, A. T., Marjani, A., andShirazian, S. (2021). Performance and application 
analysis of ANFIS artificial intelligence for pressure prediction of nanofluid convective flow in a heated 

pipe. Scientific Reports, 11(1), 902. 

[14]. Elsheikh, A. H., Sharshir, S. W., Ismail, A. S., Sathyamurthy, R., Abdelhamid, T., Edreis, E. M., Kabeel, A. E., 

andHaiou, Z. (2020). An artificial neural network based approach for prediction the thermal conductivity of 
nanofluids. SN Applied Sciences, 2, 1-11. 

[15]. Mehrabi, M., Sharifpur, M., and Meyer, J. P. (2013). Viscosity of nanofluids based on an artificial intelligence 

model. International Communications in Heat and Mass Transfer, 43, 16-21. 

[16]. Babanezhad, M., Behroyan, I., Marjani, A., andShirazian, S. (2021). Pressure and temperature predictions of 
Al2O3/water nanofluid flow in a porous pipe for different nanoparticles volume fractions: combination of CFD 

and ACOFIS. Scientific Reports, 11(1), 60. 

[17]. Babanezhad, M., Behroyan, I., Marjani, A., andShirazian, S. (2021). Velocity prediction of nanofluid in a heated 

porous pipe: DEFIS learning of CFD results. Scientific Reports, 11(1), 1209. 
[18]. Shukla S, S., and Vijay, J. (2013). Applicability of artificial intelligence in different fields of life. International 

Journal of Scientific Engineering and Research, 1(1), 28-35. 

[19]. Hemmat E, M., and Afrand, M. (2020). Predicting thermophysical properties and flow characteristics of nanofluids 

using intelligent methods: focusing on ANN methods. Journal of Thermal Analysis and Calorimetry, 140, 501-
525. 

[20]. Ramezanizadeh, M., Ahmadi, M. H., Nazari, M. A., Sadeghzadeh, M., and Chen, L. (2019). A review on the 

utilized machine learning approaches for modeling the dynamic viscosity of nanofluids. Renewable and 

Sustainable Energy Reviews, 114, 109345. 
[21]. Guo, Z. (2020). A review on heat transfer enhancement with nanofluids. Journal of Enhanced Heat Transfer, 27(1). 

[22]. Ma, T., Guo, Z., Lin, M., and Wang, Q. (2021). Recent trends on nanofluid heat transfer machine learning research 

applied to renewable energy. Renewable and Sustainable Energy Reviews, 138, 110494. 

[23]. ]Gao, W., Wu, H., Siddiqui, M. K., and Baig, A. Q. (2018). Study of biological networks using graph 
theory. Saudi Journal of Biological Sciences, 25(6), 1212-1219. 

[24]. Gao, W., Wang, W., Dimitrov, D., and Wang, Y. (2018). Nano properties analysis via fourth multiplicative ABC 

indicator calculating. Arabian Journal of Chemistry, 11(6), 793-801. 

[25]. Ivakhnenko, A. G. (1971). Polynomial theory of complex systems. IEEE transactions on Systems, Man, and 
Cybernetics, (4), 364-378. 

[26]. Atashrouz, S., Pazuki, G., andAlimoradi, Y. (2014). Estimation of the viscosity of nine nanofluids using a hybrid 

GMDH-type neural network system. Fluid Phase Equilibria, 372, 43-48. 

[27]. Sheikholeslami, M., Bani Sheykholeslami, F., Khoshhal, S., Mola-Abasia, H., Ganji, D. D., andRokni, H. B. 
(2014). Effect of magnetic field on Cu–water nanofluid heat transfer using GMDH-type neural network. Neural 

Computing and Applications, 25, 171-178. 

[28]. Sharifpur, M., Adio, S. A., and Meyer, J. P. (2015). Experimental investigation and model development for 
effective viscosity of Al2O3–glycerol nanofluids by using dimensional analysis and GMDH-NN 

methods. International Communications in Heat and Mass Transfer, 68, 208-219. 

[29]. Safikhani, H., Abbassi, A., Khalkhali, A., andKalteh, M. (2014). Multi-objective optimization of nanofluid flow in 

flat tubes using CFD, Artificial Neural Networks and genetic algorithms. Advanced Powder Technology, 25(5), 
1608-1617. 

[30]. Vakili, M., Yahyaei, M., and Kalhor, K. (2016). Thermal conductivity modeling of graphene 

nanoplatelets/deionized water nanofluid by MLP neural network and theoretical modeling using experimental 

results. International Communications in Heat and Mass Transfer, 74, 11-17. 
[31]. Aminian, A. (2017). Predicting the effective viscosity of nanofluids for the augmentation of heat transfer in the 

process industries. Journal of Molecular Liquids, 229, 300-308. 

[32]. Bahiraei, M., Hosseinalipour, S. M., Zabihi, K., andTaheran, E. (2012). Using neural network for determination of 

viscosity in water-TiO 2 nanofluid. Advances in Mechanical Engineering, 4, 742680. 



 

 

 

 

 Somveer.et.al /REST Journal on Data Analytics and Artificial Intelligence 2(3), September 2023, 55-61 

 

 

Copyright@ REST Publisher                                                                                                                                                   61 
 

[33]. Yousefi, F., Karimi, H., andPapari, M. M. (2012). Modeling viscosity of nanofluids using diffusional neural 
networks. Journal of Molecular Liquids, 175, 85-90. 

[34]. Bahiraei, M., and Mashaei, P. R. (2015). Using nanofluid as a smart suspension in cooling channels with discrete 

heat sources: numerical investigation and modeling. Journal of Thermal Analysis and Calorimetry, 119, 2079-

2091. 
[35]. Santra, A. K., Chakraborty, N., and Sen, S. (2009). Prediction of heat transfer due to presence of copper–water 

nanofluid using resilient-propagation neural network. International Journal of Thermal Sciences, 48(7), 1311-1318. 

[36]. SoukhtSaraee, H., Jafarmadar, S., Alizadeh‐Haghighi, E., and Ashrafi, S. J. (2016). Experimental investigation of  

pollution and fuel consumption on a CI engine operated on alumina nanoparticles-diesel fuel with the aid of 
artificial neural network. Environmental Progress and Sustainable Energy, 35(2), 540-546. 

[37]. Balcilar, M., Dalkilic, A. S., Suriyawong, A., Yiamsawas, T., andWongwises, S. (2012). Investigation of pool 

boiling of nanofluids using artificial neural networks and correlation development techniques. International 

Communications in Heat and Mass Transfer, 39(3), 424-431. 
[38]. Papari, M. M., Yousefi, F., Moghadasi, J., Karimi, H., and Campo, A. (2011). Modeling thermal conductivity 

augmentation of nanofluids using diffusion neural networks. International Journal of Thermal Sciences, 50(1), 44-

52. 

[39]. Zhao, N., Wen, X., Yang, J., Li, S., and Wang, Z. (2015). Modeling and prediction of viscosity of water-based 
nanofluids by radial basis function neural networks. Powder Technology, 281, 173-183. 

[40]. Sayahi, T., Tatar, A., and Bahrami, M. (2016). A RBF model for predicting the pool boiling behavior of nanofluids 

over a horizontal rod heater. International Journal of Thermal Sciences, 99, 180-194. 


