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Abstract: In this study, comparing multiple models of machine learning, a multiple linear regression (MLP), multilayer feed-forward artificial neural network (BP) model, and a radial-basis feed-forward artificial neural network (RBF-BP) model are selected for the optimization of the thermal properties of TiO2/water nanofluids. In particular, the least squares support vector machine (LS-SVM) method and radial basis support vector machine (RB-SVM) method are implemented. First, curve fitting is performed by means of multiple linear regression in order to obtain bivariate correlation functions for thermal conductivity and viscosity of the nanofluid. Then the aforementioned models are used for a predictive analysis of the dependence of its thermal conductivity and viscosity on temperature and volume fraction. The results show that the least squares support vector machine (LS-SVM) has a prediction accuracy higher than the other models. The model predicts the thermal conductivity of TiO2/water MSE = 1.0853 × 10−6, R2 = 0.99864, MAE = 0.00092, RMSE = 0.00104, and the viscosity of TiO2/water MSE = 8.1397 × 10−6, R2 = 0.99995, MAE = 0.00074, RMSE = 0.0009.
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Nomenclature



	ANN
	Artificial neural network



	MLR
	Multiple linear regression



	BP
	Multilayer feedforward artificial neural network



	RBF-BP
	Radial basis feedforward artificial neural network



	SVM
	Support vector machines



	RB-SVM
	Radial basis support vector machine



	LS-SVM
	Least squares support vector machine



	MSE
	Mean square error



	RMSE
	Root mean square error



	MAE
	Mean absolute error



	R2
	Regression coefficient



	T
	Temperature (
∘C
)



	φ
	Volume fraction (vol%)



	xi
	Related variables



	ωT
	Variable coefficient



	x
	Estimate



	xs
	Actual value



	c
	Regularization parameter



	σ2
	Nuclear parameter



	
ki exp

	Experimental data



	
kical

	Forecast data



	
Pa⋅s

	Dynamic viscosity



	W/(m⋅K)
	Thermal conductivity





1  Introduction

Scholars and researchers have proposed several methods to improve the heat transfer of fluids [1–4]. One method proposed is to use fluids with better heat transfer properties. Nanomaterials have promising applications in different engineering fields. Incorporating nanomaterials into fluids, thus preparing nanofluids, was proposed [5–7]. Nanofluids are relatively new-generation fluids with better thermal properties than conventional fluids [8–10]. These fluids consist of a primary fluid and particles of 1–100 nm in size. Nanofluids, suspensions, or colloids consist of particles much smaller than 100 nm, which increase the total heat transfer coefficient between the These fluids consist of a primary fluid and particles of 1–100 nm in size. And the surrounding surface. This phenomenon gives nanofluids higher thermal conductivity than the base fluid [11–14]. Additionally, nanofluids can decrease operating costs, improve energy efficiency, and create a cleaner environment. The effects of different nanoparticle types and parameters (e.g., temperature, volume fraction, particle shape, and particle size) on nanofluids’ thermal conductivity and viscosity have been studied and discussed in many articles [15–23].

Forecasting is a method of predicting the future based on existing information. In recent decades, artificial intelligence has advanced with the times due to the rapid development of computers. Machine learning has been widely used in engineering research, especially in predicting systems with nonlinear behavior. Several artificial intelligence-based model prediction methods exist, including artificial neural networks (ANN) [24], genetic algorithms (GA), pion swarm optimization (PSO), response surface methodologic (RSM) [25,26], support vector machine (SVM), and other swarm optimization methods to process data [27–29]. Artificial intelligence, as a trusted algorithm at this stage, is also used to predict nanofluid behavior and reduce laboratory costs by building models to predict the behavior of nanofluids [30–33].

Moreover, the large amount of data generated by experimental studies are also challenging to model with conventional techniques. In a generalized scheme of model prediction, the relationship between control factors and response variables is established. Traditional analytical methods have poor predictive power and poor coupling ability. Artificial neural networks to predict the behavior of nanofluids predicting thermal conductivity and viscosity have been the subject of several studies [34–37]. The designed artificial neural networks can predict the behavior of nanofluids, but the details of the learning algorithm are not described in their studies.

Ahammed et al. [38] investigated the effect of volume concentration and temperature on graphene-water nanofluids’ viscosity and surface tension. Harandi et al. [39] investigated how temperature and volume fraction affected the thermal conductivity of EG/multi-walled carbon nanotube iron oxide liquids. Measure the data at 0–2.3 vol% and 
. According to the predicted results, the thermal conductivity increased by 50% in most cases compared to the base fluid. Toghraie et al. [40] investigated the effect of nanoparticle volume fraction and temperature on the thermal conductivity of ZnO/EG nanofluids. 
and volume fraction of 0.1%–3.5% experiments showed that the thermal conductivity increased with increasing volume fraction and temperature. Also, high-temperature thermal conductivity was higher than low-temperature thermal conductivity. Soylu et al. [41] studied the influence of the doping rate of Ag/Cu doped TiO2 nanofluid on thermal properties. As the doping rates and concentrations of different materials were investigated in the temperature range of 
, the thermal conductivity increased with increasing doping levels. Alirezaei et al. [42] investigated the rheological behavior of MWCNT-MgO (10%–90%) hybrid nanofluid (oil-based) at different volume fractions, temperatures, and shear rates. The results showed that the dynamic viscosity of the nanofluid decreased with increasing temperature.

In some studies, researchers have used artificial neural network methods and described the details of the algorithms. Sharma et al. [43] studied the progress of machine learning in nanofluids and the advantages and disadvantages of various machine learning. This review mainly introduces the factors affecting the thermophysical properties of nanofluids, the application scenarios of nanofluids, and the application of various machine learning methods in predicting the properties of nanofluids. Esfahani et al. [44] predicted the thermal conductivity of water/silver oxide nanofluids. They used a two-stage approach combining ultrasonic devices, magnetic mixing, and acidity control methods to prepare water/silver oxide nanofluid. They examined the thermal conductivity of the nanofluid at a volume fraction of 0.125%–2% and 
 T=25∘C−50∘C
. The results showed that increasing the volume fraction at higher temperatures significantly affected the increase in thermal conductivity due to the increase in Brownian motion caused by increasing temperature. Said et al. [45] studied the synthesis and stability of glycol-based ternary heterogeneous nanofluids, predicted the change in their viscosity under the influence of different volume fractions and temperatures using artificial neural networks, and determined the trend. Sharma et al. [46] studied the thermal properties of Fe3O4-MWCMT mixed nanofluids and established a model to predict the mixed nanofluids. Models using gene expression programming and adaptive neural fuzzy influence systems (ANFIS) were used to predict Fe3O4-coated mixed nanofluids, and GEP and ANFIS predicted thermal properties well. Ariana et al. [47] investigated the thermal conductivity of Al2O3 water-based nanofluids. They predicted thermal conductivity data for 285 nanofluids at 0.0013–0.1 vol%, particle size 8–283 nm, and 
T=1∘C−138∘C
. The results show that increasing the volume fraction, increasing the liquid temperature, and decreasing the nanoparticle size leads to an increase in temperature and heat transfer Masoumi et al. [48] proposed a new model for calculating the effective viscosity of nanofluids and judged its accuracy. Kanti et al. [49] synthesized ionic liquid (IL) and dispersed Al2O3 nanoparticles to study the effects of temperature and concentration on their stability, viscosity, and thermal conductivity. The experimental results show that when 
T=30∘C−60∘C
and concentration 0–10 wt%, the thermal conductivity increases with temperature, and the viscosity increases with temperature—evaluating the thermophysical properties of INFs using the gene expression programming (GEP) model. Kanti et al. [50–53] prepared fly ash-Copper nanofluids by a two-step method, designed five prediction models, and analyzed their accuracy in predicting viscosity and thermal conductivity. An artificial neural network model was used to predict graphene oxide Al2O3/water, SiO2/water ethylene glycol (50:50), ZnO-Ag/water, and Al2O3/ethylene glycol nanofluids [54–57]. The articles propose a simple perceptron feedforward neural network model to predict the thermal conductivity of these nanofluids. The thermal conductivity increases with increasing volume fraction and temperature.

According to the above literature review, the majority of studies at present have high costs and little experimental data. Secondly, all machine learning methods are used to study the single thermal properties of a particular nanofluid. This method cannot compare the advantages of different machine learning methods in predicting the thermal properties of nanofluid, and it may have a different excellent effect in predicting other thermal properties. With this in mind, this paper investigates the accuracy of different machine-learning models in predicting nanofluids’ thermal conductivity and viscosity based on a small amount of data. The highlight of this study lies in designing various optimized machine learning methods to predict the two thermal properties and compare their effects. Secondly, the neural network selected in many studies can only be applied to predicting large data volumes. This study uses a small data volume model to predict nanofluids. This paper uses several machine learning models to predict the thermal conductivity and viscosity of TiO2/water nanofluids with 0.25–2 vol%. In this study, the grid search algorithm and cross-validation are applied to the machine learning model selected in this paper. The model is optimized to ensure its high accuracy and wide application.

2  Selection of Nanofluid

The experimental preparation of TiO2/water nanofluids in the laboratory was chosen as the material for study in the paper [58]. It shows that titanium dioxide (TiO2) has excellent optical and electronic properties, low cost, high photocatalytic activity, chemically stable lines, non-toxicity, antibacterial properties, UV protection, and environmental cleanliness. Moreover, the thermal conductivity of TiO2/water nanofluid was increased by 22% compared to other essential fluids [59]. The TiO2/water nanofluid was prepared by selecting spherical TiO2 with a diameter of 20 nm and using deionized water as the base fluid. Choose spherical TiO2 particles with a diameter of 20 nm, use deionized water as the base solution, and add TiO2 in different proportions. Then put the liquid into the ultrasonic cell and vibrate to ensure that the nanoparticles are fully dispersed in the base liquid to prepare TiO2/water nanofluids. Forty sets of TiO2/water nanofluid thermal conductivity and viscosity data are shown in Fig. 1. The data were divided into 80% as the training set and 20% as the test set. According to the data plots, it was found that the thermal conductivity of the nanofluid increased and viscosity decreased as the temperature increased; as the concentration of nanoparticles increased, the thermal conductivity and viscosity increased.
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Figure 1: Thermal conductivity (a) and viscosity (b) data of TiO2/water nanofluid

3  Research Methodology

In this section, we briefly introduce the selected machine learning models and the model accuracy evaluation criteria and highlight their advantages and disadvantages from a practical point of view. In this paper, we program the models using python and choose the most adaptable version3.6. The sklearn library is called to write five machine-learning models and evaluation metrics, and the matplotlib library is used to plot the images.

3.1 Machine Learning

Artificial intelligence-based multiple linear regression and artificial neural networks are models for testing a single nanofluid’s thermal conductivity and viscosity. Therefore, in this paper, the most widely used multiple linear regression (MLR) model, the multilayer feedforward artificial neural network (BP) model, and the radial basis feedforward artificial neural network (RBF-BP) model of artificial neural networks are selected. Subsequently, two models, the Radial Basis Support Vector Machine (RB-SVM) and Least Squares Support Vector Machine (LS-SVM), which are more popular and have high accuracy at this stage, are developed.

3.1.1 MLR Model

In real-world problems, changes in the dependent variable are often influenced by several important factors when it is necessary to use two or more influencing factors as independent variables to explain the changes in the dependent variable. If this relationship is linear, the linear multiple regression model can be used to describe it. The mathematical model of linear regression is Eq. (1).


f(xi)=ωTxi+b
(1)

3.1.2 BP Model

BP model is a kind of artificial neural network multilayer perceptron, which was proposed by a scientific group headed by Rumelhart and Hinton in 1986 [60]. BP neural networks can classify arbitrarily complex patterns and have excellent multi-dimensional function mapping. It can solve heterogeneous and other problems that simple perceptions cannot fight. Structurally, the BP model has three layers: an input layer, an implicit layer, and an output layer. In essence, it uses the grid error squared as the objective function and the gradient descent method to calculate the minimum value of the objective function. The primary process is as follows: first, the working signal is propagated forward, then the error signal is propagated backward to update the weights according to the error.

3.1.3 RBF-BP Model

The BP neural network is improved by combining the BP neural network, which can better predict the unknown samples, and the RBF neural network, which can nonlinearly approximate any data set. RBF-BP composite neural network algorithm is a two-layer implicit layer neural network system. The RBF neural network is the first-level hidden layer, and the BP neural network is the second-level hidden layer.

3.1.4 RB-SVM Model

Support vector machine is a supervised learning binary classification model that maps the feature vectors of the training set to some points in space, which the neural network classifies in an optimal line. Vapnik and Chervonenkis first proposed SVM in 1963, and the current version was modified by Hearst et al. [61]. RB-SVM uses kernel functions to replace the inner product, mapping the input data to higher space and thus solving for the best value. In this implementation, the radial basis function is utilized as the kernel function in the SVM, as shown in Eq. (2) [61].


K(x, xs)=exp(−||x−xs||22σ2)
(2)

3.1.5 LS-SVM Model

The least squares support vector machine is a refinement and modification of the support vector machine that simplifies the solution process by solving a linear system of equations instead of the quadratic optimization problem in the SVM. The LS-SVM model consists of a regularization parameter (c) and a kernel parameter (σ^2). The kernel function defines the magnitude of the impact of a single training sample, with smaller values having a more significant impact and larger values having a minor impact.

3.2 Evaluation Metrics of Machine Learning Models

This study uses a total of four evaluation metrics, including mean square error (MSE), root means square error (RMSE), mean absolute error (MAE), and regression coefficient (R2), to evaluate the models [62–64]. Evaluation metrics are available to predict two nanofluids’ thermal conductivity and viscosity and find the most accurate model. The MSE, RMSE, MAE, and R2 are mathematically by Eqs. (3) to (6) [62–64].


MSE=∑i=1N(kiexp−kical)2N
(3)


RMSE={∑i=1N(kiexp−kical)2N}0.5
(4)


MAE=∑i=1N|kiexp−kical|N
(5)


R2=∑i=1N⁡(kiexp−Δk¯)2−∑i=1N⁡(kiexp−Δkical)2∑i=1N⁡(kiexp−Δk¯)2
(6)

where 
k¯
and N represent the average value of the thermal conductivity of the nanofluid and the number of experimental data on the thermal conductivity or viscosity of the nanofluid.

It is worth mentioning that when the MSE, RMSE, and MAE values converge to 0, and the model with R2 is close to 1, it is considered the most accurate model. The RMSE is mainly for outliers with large deviations, while the MAE is for all individual differences for the mean. In addition to these metrics, it is sometimes necessary to consider the model’s size when searching for the best machine-learning model.

3.3 Grid Search CV

In machine learning models, hyperparameters are the parameters that must perform well. These include the number of neurons per layer and the number of hidden layers in the artificial neural network. If the hyperparameters are not selected correctly, the models will not perform well. Therefore, there are two ways to select hyperparameters: one is to fine-tune them empirically, and the other is to select different size parameters to bring into the model and pick the best ones. However, the above method requires manual debugging, which wastes much time and leads to failure to find the optimal hyperparameters. So cross-validation using grid search is the best method. The grid search is a parameter search. It is to adjust the parameters sequentially according to the set steps within the specified parameter range, train the model with the adjusted parameters, and compare the accuracy to find the best parameters.

3.4 Min-Max Normalized Data Set Preprocessing

Normalization refers to a linear variation of the initial data set, which results in a result mapped between 0 and 1. Data normalization speeds up gradient descent to find the optimal solution and improves accuracy using Eq. (7).


xnormal =x−xMinxMax−xMin
(7)

Data normalization where 
xnormal
is the changed data value, 
xMin
and 
xMax
are the minima and maximum values of the sample data in the dataset.

4  Results and Discussion

This section summarizes and compares the machine learning models for the selected area. It compares the accuracy of various models with different parameters, selects the most accurate model from them, and analyzes the results.

4.1 Grid Search Cross-Validation to Select the Best Parameters

The evaluation metrics are filtered and validated by training and test set data using grid search CV to select the optimal number of neurons and parameters. All models are trained with 20 iterations and report only the best-selected model result, thus eliminating the effect of randomness on the performance of the developed models.

4.1.1 MLR Model

Fig. 2 shows a roughly linear relationship between thermal conductivity and viscosity of TiO2/water, according to the MLR sub-correlation. Hence, the design of a one-time multiple linear regression model was more suitable for predicting the thermal conductivity model.

[image: images]

Figure 2: Correlation plot of MLR sub-analysis of thermal conductivity (a) and viscosity (b) of TiO2/water nanofluid

A curve-fitting model function Eq. (8) for the thermal conductivity of TiO2/water, a function of temperature and particle ratio, was fitted using a linear regression method. Eq. (9) is a linear relationship function of the viscosity of TiO2/water. T is the nanofluid temperature in °C and 
φ
is the solid volume fraction in vol%. Table 1 also compares the training and test sets of the curves using accuracy metrics.

[image: images]


knf=0.024965T+0.037274φ+0.657672
(8)


knf=−0.128656T+0.044632φ+0.778602
(9)

4.1.2 BP Model

Fig. 3 shows the number of neurons in the BP neural network corresponding to the best MSE value according to grid search cross-validation. Based on the comprehensive comparison of multiple parameters (MSE, R2, MAE, RMSE) in Table 2. The TiO2/water thermal conductivity model is the most suitable model when the number of neurons in the hidden layer is up to 66. The TiO2/water viscosity model is the best model when the number of neurons in the hidden layer is up to 45. Fig. 4 shows the predicted data of the BP best-fit model compared with the actual data.
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Figure 3: BP model MSE of thermal conductivity (a) and viscosity (b) of TiO2/water nanofluid vs. the number of hidden layer neurons
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Figure 4: TiO2/water nanofluid thermal conductivity (a) and viscosity (b) BP model actual data vs. predicted data

4.1.3 RBF-BP Model

Based on the grid search CV, Fig. 5 shows the most suitable MSE model for selecting TiO2/water thermal conductivity and viscosity. Table 3 summarizes the results for the best parameters of the RBF-BP model. As can be seen, the RBF-BP model with 10 and 7 hidden neurons is the best model for this structure. Fig. 6 compares the predicted and actual data for the selected RBF-BP best model.
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Figure 5: MSE of TiO2/water nanofluid thermal conductivity (a) and viscosity (b) of RBF-BP model vs. number of hidden layer neurons
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Figure 6: Comparison of actual and predicted data from TiO2/water nanofluid thermal conductivity (a) and viscosity (b) RBF-BP models

4.1.4 RB-SVM Model

The RB-SVM model selects the radial basis as the kernel function and the regularization parameter (c) according to the kernel function. Fig. 7 shows how the appropriate parameters are selected based on the MSE for each grid of 
log10−3
to 
log101
. Table 4 shows the best parameters determined through a grid search. Fig. 8 compares the predicted and actual data of the appropriate model chosen for BP-SVM.
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Figure 7: MSE of RB-SVM model for thermal conductivity (a) and viscosity (b) of TiO2/water nanofluid vs. regularized parameters
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Figure 8: TiO2/water nanofluid thermal conductivity (a) and viscosity (b) RB-SVM model actual data vs. predicted data

4.1.5 LS-SVM Model

According to the model parameters 
σ2=0.01−100
and 
σ2=1−10000
, the kernel parameters are set at 3.24 and 1.91, and the evaluation index is found to be suitable. In this paper, set σ2 = 3.24 and use grid search CV to select the most appropriate regularization parameter kcp.

Fig. 9 shows the results of the selection of different regularization parameters, as well as judging the MSE values for the results obtained. Table 5 indicates that the LS-SVM model with c = 94.7322 and c = 4155.4553 has the best structural model parameters. Fig. 10 compares the selected LS-SVM best model prediction data with the actual data.
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Figure 9: LS-SVM model MSE vs. regularized parameters for thermal conductivity (a) and viscosity (b) of TiO2/water nanofluid
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Figure 10: TiO2/water nanofluid thermal conductivity (a) and viscosity (b) LS-SVM model actual data vs. predicted data

4.2 Finding the Best Model

This study aims to determine the most accurate model to predict the thermal conductivity of TiO2 nanofluid using small data volumes and therefore compares the prediction accuracy of multiple models. The optimal parameter results for BP, RBF-BP, RB-SVM, and LS-SVM applied in this paper are reported in Table 6, along with their data results for MSE, R2, MAE, and RMSE.

[image: images]

It can be concluded from this that the BP artificial neural network is unsuitable for small data volume TiO2/water nanofluid compared to the support vector machine. When predicting two sets of data with the RB-SVM model, the parameters fluctuate wildly, which indicates that its predictive classification of two sets of data will be biased due to fuzzy classifications of some data, resulting in poor accuracy as a result. The LS-SVM model shows better prediction accuracy when predicting both data sets, but the LS-SVM model has higher accuracy in comparison. Therefore, LS-SVM is the most accurate neural network model for predicting the thermal conductivity of TiO2 nanofluid with a small amount of data. In contrast, the other models are less accurate in comparison.

4.3 Accuracy Analysis of the Optimal Model

Figs. 11 and 12 compare the laboratory and machine learning predictions to understand better whether the predicted values are similar to the experimental values. The model accuracy is high when the prediction points are on or near the contour. The LS-SVM model has most of its points near the contour, as shown in the figure. The proposed machine learning algorithm has the highest accuracy among the selected models.
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Figure 11: Comparison of actual data on thermal conductivity of TiO2/water nanofluid with machine learning
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Figure 12: Comparison of actual TiO2/water nanofluid viscosity data with machine learning

5  Conclusion

Nanofluids are famous heat and mass transfer materials in various fields at this stage. Thermal conductivity and viscosity are the most important thermophysical properties, and nanofluids operating temperature, volume fraction, particle morphology, and particle size directly affect their thermal conductivity and viscosity. In this study, focusing on experimental data, the effects of TiO2 concentration and temperature on nanofluids’ thermal conductivity and viscosity were investigated by curve fitting, artificial neural network, and support vector machine methods. We propose a simple bivariate correlation using curve fitting to show the relationship between the parameters. Then, four machine learning models are selected to predict thermal conductivity and viscosity, with temperature and concentration as input variables. Based on the MSE = 1.82 * e−6 and MSE = 0.4942 [64,65] models in the literature, it can show that the four models have reasonable predictions after normalization and grid search CV. In addition, the LS-SVM model shows high accuracy through four evaluation indexes without over-fitting or under-fitting. Curve fitting and neural networks are both good prediction tools. However, the LS-SVM model is more accurate and can better predict nanofluids’ thermal conductivity and viscosity.

The results show that a better and more accurate model can better predict the model. For future research, it is necessary to examine the universal application of the model. This includes the influence of different input conditions on the model as well as the possibility that the model can still be applied after replacing the nanofluid. It is also necessary to develop a database of the model with high accuracy and strong applicability. As a result, this area requires further research.
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Table 3: Optimal parameters of RBF-BP neural network model

TiO, prediction data ~ Optimal number  Database Sensitivity accuracy analysis
of neurons MSE R’ MAE  RMSE
Thermal conductivity 10 Train 1.5144 * ¢ 0.99886 0.00102 0.00123
Test 1.7951 * ¢ 0.9977  0.00099 0.00134
Viscosity 7 Train 6.8713 * e 0.99622 0.00691  0.00829

Test 29337 *e¢ > 0.99829 0.00415 0.00542
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Table 4: Optimal parameters of RB-SVM model

TiO, prediction data ~ Regularization = Database Sensitivity accuracy analysis
parameter MSE R MAE  RMSE
Thermal 0.00138 Train 1.8737 *¢> 098587  0.00305  0.00433
conductivity Test 2.3435%e”  0.97054  0.00388  0.00484
Viscosity 0.03126 Train 0.00088 0.95153  0.02544  0.02967

Test 0.00103 0.94011  0.02627  0.03206
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Table 1: Optimal parameters of the MLP model

T10, prediction data Database Sensitivity accuracy analysis
MSE R® MAE RMSE
Thermal conductivity Train 1.7910 * &> 0.98611 0.00332 0.00423
Test 2.6231 * e 0.98611 0.00424 0.00512
Viscosity Train 0.00089 0.95029 0.02536 0.02990
Test 0.00098 0.94265 0.02639 0.03137
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Table 6: Comparison of optimal parameters of different machine learning

T10, prediction data

Machine learning Database

Sensitivity accuracy analysis

MSE R® MAE RMSE

Thermal conductivity ~BP Train 0.00029 0.78030 0.01350 0.01707
Test 0.00019 0.75829 0.01223 0.01387

RBF-BP Train 1.5144 * ¢ 099886 0.00102 0.00123

Test 1.7951 *©  0.9977  0.00099 0.00134

RB-SVM Train 1.8737 * > 0.98587 0.00305 0.00433

Test 23435 * e 097054 0.00388 0.00484

LS-SVM Train 2.0793 * e ® 099843 0.00108 0.00144

Test 1.0853 * e ©  0.99864 0.00092 0.00104

Viscosity BP Train 0.00202 0.88871 0.03186 0.04496
Test 0.00130 0.92447 0.02721  0.03600

RBF-BP Train 6.8713 * > 0.99622 0.00691 0.00829

Test 29337 *e>  0.99829 0.00415 0.00542

RB-SVM Train 0.00088 0.95153 0.02544 0.02967

Test 0.00103 0.94011 0.02627 0.03206

LS-SVM Train 51781 *e® 099972 0.00182 0.00228

Test 8.1397 * ¢®  0.99952 0.00230 0.00285
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Table 2: Optimal parameters of the BP neural network model

T10, prediction data Optimal number  Database Sensitivity accuracy analysis
of neurons MSE R’ MAE  RMSE
Thermal conductivity 66 Train 0.00029  0.78030  0.01350  0.01707
Test 0.00019  0.75829  0.01223  0.01387
Viscosity 45 Train 0.00202  0.88871  0.03186  0.04496
Test 0.00130  0.92447  0.02721  0.03600
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Table 5: Optimal parameters of LS-SVM model

TiO, prediction Optimal nuclear Optimal nuclear Database

Sensitivity accuracy analysis

data parameter kcp  parameter MSE R2 MAE  RMSE
Thermal 0.67615 94.7322 Train  2.0793 * ¢ ® 0.99843 0.00108 0.00144
conductivity Test 1.0853 * ¢ ¢ 0.99864 0.00092 0.00104
Viscosity 0.86569 4155.4553 Train  5.1781 * ¢ ® 0.99972 0.00182 0.00228

Test 8.1397 * ¢ 0.99952 0.00230 0.00285
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