Machine learning approach for the prediction and optimization of heat transfer performance of ZnO/TiO2-R123 in ORC evaporator
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Abstract: Using hybrid nanorefrigerants in organic Rankine cycle systems can significantly enhance the heat transfer performance, whereas it also increases flow resistance. This study employs machine learning approaches to develop a back propagation (BP) model for capturing flow boiling heat transfer characteristics of ZnO/TiO2-R123 in a horizontal tube and conducts a bi-objective optimization considering heat transfer performance and flow resistance simultaneously. The BP neural network model is established with 750 groups of experimental data as training samples and 150 groups of experimental data as testing samples. The training accuracy and predictive accuracy of the BP model are analysed in detail. The effects of six operation parameters (dryness fraction, inlet temperature, heat transfer rate, outlet temperature and pressure, mass flux) on heat transfer coefficient and pressure drop are examined, along with a bi-objective optimization conducted to maximize heat transfer coefficient and minimize pressure drop. The results indicate that the BP neural network model achieves a very high prediction accuracy, with a relative error of ±1.5% for the prediction of heat transfer coefficient pressure drop. The heat transfer coefficient is negatively correlated with the dryness fraction and increases slowly with the mass flux. The pressure drop increases slightly with the outlet temperature and decreases slowly with the outlet pressure at first, then gradually becomes steeper. The optimal solution for heat transfer coefficient and pressure drop are 4500 W/(m2·K) and 0.022 MPa, respectively.
Keywords: Nanorefrigerant; Machine learning; Heat transfer coefficient; Pressure drop; Pareto-optimal solution


	Nomenclature 

	d
	diameter, m

	g
	gravitational acceleration, m/s²

	h
	heat transfer coefficient, W/(m2·K)

	L
	length, m

	G
	mass flux, kg/(m2·s)

	P
	pressure, bar

	q
	heat flux, W/m2

	Q
	heat transfer rate, W 

	t
	temperature, ℃

	F
	fluid

	l
	liquid

	x
	dryness fraction

	Z
	distance, m

	Greek symbols

	ρ
	density, kg/m³

	λ
	thermal conductivity, W/(m∙K)

	ε
	vacuolation coefficient

	σ
	surface tension, N/m

	Subscripts

	in
	Inlet

	low
	Lower

	loss
	Loss

	sat
	Saturated

	out
	Outlet

	total
	Total

	up
	Upper

	w
	Wall

	Acronyms

	AI
	Artificial Intelligence

	ANN
	Artificial Neural Networks

	BP
	Back Propagation

	BPANN
	Back Propagation Artificial Neural Network

	CC
	Correlation Coefficient

	CFD
	Computational Fluid Dynamics

	GBR
	Gradient Boosted Regression

	MAE
	Mean Absolute Error

	ML
	Machine Learning

	MR 
	Multiple Regression

	ORC
	Organic Rankine Cycle

	R2
	Determination Coefficient

	RAE
	Relative Absolute Error

	RF
	Random Forest

	RMSE
	Root Mean Square Error

	RPD
	Relative Percent Deviation

	RRSE
	Relative Root Squared Error

	SVR
	Support Vector Regression




1. Introduction 
In the face of fossil fuel depletion and growing global population, improving energy efficiency has become an indispensable challenge for different industries [1-3]. Organic Rankine cycle (ORC) can improve energy efficiency by converting low and medium-temperature waste heat into electricity, and most of the working fluids are refrigerants [4-6]. Comparing to traditional refrigerants, nanorefrigerants have higher thermal conductivity due to the addition of nanoparticles (such as metals and metal oxides), which facilitates the evaporating and condensing processes within ORC systems [7, 8]. Although the addition of nanoparticles brings a large improvement in thermal conductivity, it poses challenges to the stability of nanorefrigerants [9, 10]. The small size and large surface area of nanoparticles leads to increased agglomeration, sedimentation, and particle-particle interactions, which can adversely affect the stability [11]. These can also result in the formation of particle clusters or cake-like structures, leading to clogging of channels, deterioration in heat transfer, and degradation of system performance [12]. Feng et al. [13] experimentally investigated the stability and thermophysical properties of three primary nanorefrigerants and two hybrid nanorefrigerants, indicating that the ZnO/TiO2-R123 had the best stability and thermophysical properties. Kanti et al. [14] investigated the effect of pH on the stability of TiO2-water, showing that the nanofluid could maintain stabilized conditions for more than 30 days. Therefore, it is necessary to actively regulate the concentration of nanoparticles to ensure their stability and explore the mechanism of their enhanced heat transfer performance.
Understanding the heat transfer characteristics of nanorefrigerants play a vital role in paving the way for practical applications. Extensive studies have advanced on the heat transfer characteristics of nanorefrigerants from both experimental and theoretical perspectives [15]. Korpys et al. [16] experimentally investigated the heat transfer characteristics of CuO-water nanofluids in a spiral tube. The results revealed that the Nusselt number of CuO-water increased by 18-35% compared to pure water. Karina et al. [17] experimentally investigated the heat transfer and flow characteristics of MgO-water nanofluids inside a flat tube, with results showing that the maximum increases in heat transfer coefficient was 46%. Qi et al. [18] and Danook et al. [19] experimentally investigated the effect of mass concentration and volume fraction on the heat transfer characteristics of TiO2-water nanofluids in elliptical tubes. Sundar and Sharma [20] found that the volume fraction of Al2O3-water nanofluids had a significant effect on its heat transfer performance, and the friction factor and heat transfer coefficient of the nanofluids increased with volume fractions. Sun et al. [21] experimentally investigated the heat transfer characteristics of four nanorefrigerants (Cu-R141b, Al-R141b, Al2O3-R141b, and CuO-R141b) in an internal thread copper tube. The results showed that the maximum heat transfer coefficient was increased by 17-25% and the average heat transfer coefficient was increased by 3-20%. Furthermore, the heat transfer characteristics of Al2O3-R134a, CuO-R134a and TiO2-R600a in the tubes of the heat exchanger were also experimentally investigated [22-24].
Numerical studies on heat transfer characteristics of nanofluids mainly consist of developing a computational fluid dynamics (CFD) model and employing semi-empirical correlations. CFD is an interdisciplinary technology that simulates real-world fluid flow, heat transfer, and mass transfer processes [25-29]. Kia et al. [30] numerically investigated the effect of threaded pipe on the heat transfer coefficient and pressure drop of Al2O3-oil and SiO2-oil nanofluids, and reported that the heat transfer of the threaded pipe increased by 19.5% compared to a straight pipe. Wang et al. [31] numerically investigated the effect of pipe structures on the flow and heat transfer characteristics of SiO2-water nanofluids, with results revealing that the addition of nanofluids leads to significant improvement in the heat transfer enhancement effect, with improvements reaching up to 10.88%. Chang et al. [32] numerically studied the deposition processes and the variation of heat transfer coefficient of TiO2-water nanofluid inside a horizontal circular tube. Dawood et al. [33] numerically analysed the heat transfer properties of Al2O3-water, CuO-water, SiO2-water and ZnO-water by using the SIMPLE algorithm, indicating that SiO2-water nanofluids had the highest Nusselt number and Al2O3-water had the lowest. Although the heat transfer characteristics of nanofluids can be analysed accurately using CFD methods, the costs are great, especially for hybrid nanofluids. Therefore, developing empirical or semi-empirical correlations to predict the heat transfer properties of nanofluids has attracted increasing interests [34]. Zeng et al. [35] established a new correlation for boiling heat transfer coefficient and frictional pressure drop of R32 in a horizontal tube, showing that the average absolute error of new correlation equation relative to experimental results was 17.9%. Furthermore, heat transfer correlations for Fe3O4-water, Al2O3-water, and TiO2-water nanofluids were also established [36-38]. However, the applicable range of these correlations was narrow and the prediction accuracy was not satisfactory.
With the rapid development of artificial intelligence (AI) technologies, machine learning (ML) methods as novel prediction approaches have received considerable attention in diverse fields. Machine learning methods is an umbrella term for programs used for prediction, which include Artificial Neural Networks (ANN), Multiple Regression (MR), Random Forest (RF), Gradient Boosted Regression (GBR), and Support Vector Regression (SVR). Elbeltagi et al. [39] developed six machine learning models to predict vapor pressure deficit across eight different regions in Egypt. The results showed that the RF model performed the best, with a correlation coefficient (CC) of 0.9694, mean absolute error (MAE) of 0.0967, root mean square error (RMSE) of 0.1252, relative absolute error (RAE) of 21.7297%, and relative root squared error (RRSE) of 24.0356%. Cheng et al. [40] constructed a two-layer model using visible-NIR HSI and ensemble learning to predict Cd content in oilseed rape. The results showed that the stacked ensemble model with RF as the meta-learner performed best, achieving a determination coefficient (R2) of 0.9815 and a RMSE of 5.8969 mg/kg. Zhu et al. [41] developed a monitoring model for wheat Fusarium head blight using three algorithms. The results showed that the SVR algorithm achieved the best monitoring performance in the multi-source data fusion model. The training set was identified as 0.81, 4.27, and 1.88 for the R2, RMSE, and relative percent deviation (RPD). The verification set was identified as 0.83, 3.35, and 2.72 for R2, RMSE, and RPD. Artificial Neural Network (ANN) have received more attention due to the strong adaptability and better auto-learning capabilities [42]. By using ANN, Safikhani et al. [43] predict the heat transfer coefficient and pressure drop of Al2O3-water, and Hojjat et al. [44] focused on the Nusselt number and pressure drop of TiO2-water and Al2O3-water in shell and tube heat exchangers, both indicating that the ANN models had high accuracy. El-Mesery et al. [45] applied ANN to predict the optimal process conditions for drying garlic slices. The results indicated that lower temperatures, moderate infrared levels, and higher air velocities provided the best balance for improving the quality of garlic slices while reducing drying time. Bai et al. [46] employed an ANN model to predict the moisture ratio and collar parameters. The results demonstrated that the ANN method can accurately predict experimental data with high correlation coefficients (0.9056–0.9834) and low mean squared errors (0.0014–2.2044). Naphon et al. [47] applied ANN to analyse the heat transfer characteristics of nanofluids in a spirally coiled tube. Pare et al. [48] analysed the heat transfer coefficient of Al2O3-water using ANN, and the results showed that the heat transfer coefficient was increased by 70% compared to water. Balcilar et al. [49] investigated the effect of operation parameters of TiO2 nanofluid on the boiling heat transfer coefficient using ANN, showing that liquid density of the fluid, and nanoparticle concentration were closely related to the pool boiling heat transfer coefficient.
Experimental and numerical studies on the heat transfer characteristics of nanofluids are extensive in the literature, but there have been few studies on hybrid nanofluids, especially for hybrid nanorefrigerants. Based on the authors’ previous experimental study of heat transfer characteristics for ZnO/TiO2-R123 in a horizontal tube [50], a back propagation (BP) neural network prediction model has been developed. The prediction accuracy of this model is analysed in detail. Moreover, the impact of operating parameters (temperature and pressure at the inlet of the tubes, temperature and pressure at the outlet, dryness at the outlet and mass flux) on heat transfer coefficient and pressure drop of ZnO/TiO2-R123 hybrid nanorefrigerants are evaluated. Finally, a multi-objective optimization of the heat transfer performance for nanorefrigerants based on genetic algorithms is carried out. This study is dedicated to providing a guidance for the application of hybrid nanorefrigerants in thermal systems.
The main contributions are as follows:
(1) The heat transfer performance of hybrid nanorefrigerants (ZnO/TiO2-R123) is obtained, while a Back Propagation Artificial Neural Network (BPANN) model for predicting the heat transfer performance is established.
(2) The effects of key operation parameters (dryness fraction, inlet temperature, heat transfer rate, outlet temperature, outlet pressure, and mass flux) on heat transfer coefficient and pressure drop are investigated.
(3) The bi-objective optimization considering maximum heat transfer coefficient and minimum pressure drop is conducted and the Pareto-optimal frontier is obtained based on the TOPSIS decision-making methods.
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	Fig. 1. Schematic diagram of heat transfers experimental apparatus



2. Methodology
2.1. Experimental apparatus
Figure 1 shows a schematic diagram of the heat transfers experimental apparatus, which consists of four key components: the main circuit, the bypass circuit, the cooling water circuit, and the data acquisition system. A hybrid nanorefrigerant, 0.1% ZnO/TiO2-R123, is considered in the present work thanks to its exceptional thermal and environmental properties. Figure 2 presents a photograph of the heat transfer experimental apparatus.
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	Fig. 2. Photo of the heat transfer experimental apparatus


The main circuit of the experimental apparatus includes a reservoir, a Grundfos centrifugal pump, a filter, a flowmeter, a pressure transmitter, a temperature transmitter, a preheating section, a test section, a safety valve, a flow control valve, a sight glass, and a condenser. The bypass circuit connects the outlet of the Grundfos centrifugal pump to the inlet of the liquid storage tank. The data acquisition system employs an Agilent data acquisition instrument that is connected to pressure and temperature transmitters installed on the main loop, as well as thermocouples mounted on the pipe wall of the test section. It collects all test data, which can be displayed and exported in real-time via a desktop computer.
The experimental setup utilizes a Grundfos centrifugal pump to extract the nanorefrigerant from the storage tank into the main circuit. The nanorefrigerant is pressurized through a mesh filter and distributed into both the main and bypass circuits via a three-way valve. In the bypass circuit, the fluid returns to the reservoir through a sight glass and flow control valve. In the main circuit, the nanorefrigerant is subjected to mass flow metering, with pressure and temperature measurements recorded along the pipeline using transmitters, before entering the preheating section.
The experimental setup comprises pressure and temperature transmitters installed at the inlet and outlet of the test section, facilitating comprehensive data acquisition. Visual observation of the nanorefrigerant flow patterns was conducted through the sight glass. During phase transition from liquid to two-phase state, the nanorefrigerant was channelled through the flow regulating valve and safety valves into the condenser, where it underwent subcooling via heat exchange with the chiller’s circulating cooling water.
2.2. Data processing
The test section consists of a bronze tube with a length of 2000 mm, an inner diameter of 9 mm and an outer diameter of 12 mm. K-type thermocouples are evenly mounted on the outside of the tube. The temperature measurement section is arranged with two contact points, one above and one below.
	
	

	(1)


The average temperature at the measuring point is represented by tw,o, while the temperature at the upper measuring point and lower measuring point are denoted as tup,o and tbelow,o, respectively. The mass flux, temperature, and pressure of the nanorefrigerant are measured and recorded after calibrating all the data acquisition instruments. The flow rate in the pipeline is measured by a high-precision turbine flow meter, which accurately measures the volumetric flow rate inside the pipeline, and enables the calculation of the mass flux. The turbine flow meter is placed at the outlet of the pump, with a measurement range from 20 L/h to 250 L/h. Temperature and pressure data within the pipe are collected using Hesemann temperature transmitters and pressure transmitters, respectively. These transmitters are strategically positioned at the inlet and outlet of the test section in the experimental platform. Real-time collection and recording of all measurement data are facilitated by the Agilent data logger, which provides a visual display of changes in the measurement data. Throughout the experiment, the frequency of the data logger is controlled through software programs, to record all output test data once every five seconds. In this study, 900 testing points are obtained to train and test the BP model. The parameters of testing points are detailed in Table 1.

Table 1 Parameters of experimental test points.
	Points
	Q (W)
	Pout (MPa)
	Tin (℃)
	Tout (℃)
	x
	m (kg/ m2·s)
	h (W/(m2·k))
	Pc (MPa)

	1
	4984.3549
	0.234614
	55.666
	54.509
	0.70689
	252.3724
	2938.131
	0.035595

	2
	4920.70995
	0.23422
	55.677
	54.522
	0.706817
	252.3441
	2983.047
	0.038374

	3
	4999.948
	0.23463
	55.688
	54.525
	0.706832
	252.3974
	2984.621
	0.035616

	︙
	︙
	︙
	︙
	︙
	︙
	︙
	︙
	︙

	898
	2362.791
	0.228221
	56.796
	56.445
	0.73022
	472.5582
	4298.724
	0.029823

	899
	1545.887525
	0.220536
	56.801
	56.45
	0.732435
	475.6577
	4286.026
	0.059317

	900
	1895.2344
	0.226899
	56.807
	56.453
	0.729373
	473.8086
	4293.831
	0.048517


According to thermal equilibrium, the effective heat flux for nanorefrigerant can be calculated from:
	
	

	(2)


[bookmark: _Hlk135637466]The inner wall temperature of the tube can be expressed as:
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[bookmark: _Hlk135637478]The local heat transfer coefficient of the nanorefrigerant is calculated from:
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[bookmark: _Hlk135637488]Meanwhile, the temperature of the nanorefrigerant flowing within the tube is:
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where tin and tout are the inlet and outlet temperatures of the nanorefrigerant in the tube, respectively.
[bookmark: _Hlk135637567]The dryness fraction (x) corresponding to each thermocouple measurement point can be calculated through thermal equilibrium:
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[bookmark: _Hlk135637577][bookmark: _Hlk101446298]where hl,in represents the enthalpy obtained by calling the NIST REFPROP functions in Excel, kJ/kg. hsat represents the saturated enthalpy, kJ/kg. hr represents the latent heat of vaporization, kJ/kg. G is the mass flux, kg/(m2·s). Z is the distance from the measuring point to the entrance of the test section, m. L is the length of the testing section tube, m. ε represents the void coefficient, which is calculated using the void coefficient formula by Rouhani and Axelsson.
The total pressure drop (ΔPtotal) of the nanorefrigerant inside the tube can be calculated from:
	
	

	(8)


[bookmark: _Hlk135637586]where ΔPf and ΔPm represent the friction pressure drop and the acceleration pressure drop, respectively. ΔPg is the gravity pressure drop. ΔPtotal denotes the local resistance pressure drop, and ΔPin and ΔPout represent the pressures at the inlet and outlet of the circular tube, respectively. Since the testing section is placed horizontally, the gravity pressure drop is zero, that is, ΔPg=0.
3. Model description
3.1. Back Propagation neural network
The back propagation (BP) algorithm is widely utilized in various research fields involving artificial neural network algorithm models. It is characterized by a multi-layer feed forward network and unconstrained non-linear optimization calculations, which contribute to its exceptional non-linear mapping capabilities and network generalization abilities. The BP neural network plays a vital role in the development and practical application of neural networks, particularly in data classification, function fitting, pattern recognition, and other areas of predictive learning and data processing. It is frequently employed in its original form or as a basis for optimizing other network models. The learning process involves the forward transmission of input data information and the feedback of reverse transmission for error correction. Through adjusting the weight values that connect different layers of the network, the BP neural network aims to minimize the mean square error of the output values and optimize the predictions towards the desired objectives. When a significant disparity exists between the network output and the desired prediction objectives, the process enters a feedback loop for the transmission of error correction information. This entails iteratively adjusting weight values, training the data, and optimizing feature recognition until the training objective is achieved.
The back propagation neural network architecture consists of three hierarchical layers: the input layer, hidden layer, and output layer. The neurons in adjacent layers transmit data information through the sigmoid function via a fully connected relationship, while there is no interaction between neurons within the same layer. The input layer transfers data information to the hidden layer for further processing, which can be performed by multiple layers of data processing, with weighted aggregation transformation and bi-directional transmission. This culminates in the output layer generating prediction calculation results, thereby serving as a non-linear mapping between input data and output prediction optimization results. The core of the BP artificial neural network architecture lies in the hidden layer, where data information is transmitted forwardly and errors are propagated backwardly, resulting ultimately in the output results. Figure 3 presents a flowchart that illustrates the structure of the BP neural network.
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	Fig. 3. Structure of BP neural network


3.2. Structure of BP neural network
The BP neural network model mainly includes several aspects such as the number of network layers, the number of nodes in the input layer, hidden layer, output layer, transfer function, training method, and training parameter settings. The data training results depend on factors such as training samples, expected errors, the number of weight values, and problem complexity. When establishing the BP neural network model, analysis of the problem to be solved and the used data is necessary to determine the appropriate number of input and output layer nodes. Specifically, the analysis of experimental data, theoretical calculation results, and index parameters reflecting the experimental effect, determines the prediction optimization objectives that the BP neural network needs to achieve. When using the BP neural network for data processing, the input layer node numbers are dependent on the acquisition of experimental parameters, where different input parameters represent different influencing variables of the reaction process.
In this study, the heat transfer performance is influenced by several factors, including the temperatures at the inlet and outlet of test section, heat transfer rate, outlet pressure, dryness, and mass flux. Therefore, six parameters are selected as the input nodes of the neural network, while the heat transfer coefficient and pressure drop are selected as the output layer of the neural network, which is shown in Fig. 3. The intermediate layers, often referred as the hidden layers, are not explicitly shown in the diagram but are crucial for the network's processing and learning capabilities.
3.3. Evaluation index of BP neural network model
Mean squared error (MSE) and correlation coefficient (R value) are used to evaluate the accuracy of the BP model, which are expressed as: 
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where y(k) and t(k) are the prediction value and experiment data, respectively. y represents the predicted data and t represents the experimental data. A lower MSE value and a higher R value indicate a better predictive accuracy.
4. Results and discussion
4.1 Parameters for BP model
The parameters of BP model significantly affect the prediction results of a neural network. Therefore, the parameters selection for the learning rate, training function, and number of hidden neurons are conducted in this section. Among these parameters, the learning rate significantly affects the model's prediction accuracy. An excessively small learning rate can cause the network model to converge slowly, resulting in longer training time, slower processing speeds, and insufficient error reduction. On the other hand, an excessively large learning rate can cause the network to diverge or oscillate beyond the correction range, introducing uncertainty into the convergence process. Therefore, the selection of an appropriate learning rate is crucial for the neural network model. Fig. 4 shows effects of the learning rate on the accuracy of the model. The selected training functions are listed in Table 2. It can be observed that when the learning rate is set to 0.45, the model achieves its minimum MSE of 8.36×10-4. Furthermore, the correlation coefficient of the heat transfer coefficient (R1) and the correlation coefficient of the pressure difference (R2) are relatively high, at 0.9983 and 0.9995, respectively.
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	Fig. 4. Effect of learning rate on the accuracy of the model


Table 2 Introduction of BP network training functions
	Name
	Algorithm
	Training Scale
	Convergence Speed

	Traingdx
	Adaptive Learning Rate Algorithm
	Batch Mode
	Faster than Traingdm

	Trainlm
	Levenberg-Marquardt Algorithm
	Medium-Scale Networks
	Fast

	Traingdm
	Gradient Descent with Momentum Algorithm
	Incremental Mode
	Faster than Traingd

	Traincgb
	Powell-Beale Conjugate Gradient Algorithm
	-
	Fast

	Trainoss
	Hybrid Gradient and Quasi-Newton Algorithm
	-
	-

	Trainbfg
	BFGS Quasi-Newton Algorithm
	High Computational Load
	Extremely Fast


Figure 5 shows the effect of training functions on the accuracy of the model. When the training function is Trainlm, the BP model has the highest prediction accuracy, with the minimum MSE of 9.09×10-4, and the correlation coefficient R1 and R2 being relatively high at 0.9978 and 0.9995, respectively.
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	Fig. 5. Effect of the training functions on the accuracy of the model


When the number of the hidden layers is set to 1 or 2, under the same training iterations and learning methods, there is little difference in the model's prediction error. This study employs a neural network model with a single hidden layer, which facilitates faster performance compared to those using multiple hidden layers. However, an excessively large number of neurons in the hidden layer may lead to overfitting and consume significant system memory. Conversely, setting the number of neurons too low can cause the model to underfit, adversely affecting the learning speed. Therefore, selecting an appropriate number of neurons for the hidden layer is critical to ensure optimal performance. Fig. 6 depicts the effect of hidden layer neural numbers on the model accuracy. The number of neurons in the hidden layer is determined using an empirical formula over a range of 2-20, and there is no specific rule dictating the relationship between the MSE value, R value, and the number of hidden layer neurons. Setting the number of neurons in the hidden layer to 15 enables the model to attain the smallest MSE of 8.94×10-4, and relatively high R1 and R2 of 0.9979 and 0.9996, respectively.
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	Fig. 6. Effect of hidden layer neural numbers on the accuracy of the model


Therefore, the learning rate, training function, and number of hidden neurons for BP model are 0.45, trainlm, and 15, respectively, with the default hidden layer function as Tansig and output layer function as Purelin. 900 groups of test data are used to train the BP model, resulting in the minimum MSE and relatively large R for optimizing the prediction output. The specific parameter settings are shown in Table 3.
Table 3 Parameter settings of BP model
	Parameter
	Value

	Learning rate
	0.45

	Number of hidden layer nodes
	15

	Training function
	Trainlm

	Hidden layer function
	Tansig

	Output layer function
	Purelin


4.2. Accuracy evaluation for BP model
4.2.1. Accuracy evaluation of model training
Table 1 lists the 900 groups of test data, which were randomly shuffled and used in the BP model. Specifically, 750 sets are utilized as training samples, while the other 150 are designated as prediction samples. Figure 7 and Figure 8 depict the error range of the training samples, serving as an evaluation tool to check whether the BP model has achieved the desired level of accuracy.
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	Fig. 7. Errors of the heat transfer coefficient for training sample, (a) Absolute errors, (b) Relative errors
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(b)

	Fig. 8. Errors of the pressure drop for training sample, (a) Absolute errors, (b) Relative errors


Figure 7 shows the absolute and relative errors of heat transfer coefficient between the experimental data and the BP model prediction. It can be observed that the error values of the heat transfer coefficient are small, with an absolute error between -60 and 60 W/(m2·k) and a relative error between -1.5% and 1.5%. The error range between the predicted pressure drop by the BP model and the experimental pressure drop is shown in Fig. 8. It can be seen that the absolute error of the pressure drop for the training samples falls between -8×10-4 and 8×10-4 MPa, and the relative error ranges between -1.5% and 1.5%, with only a few data exceeds this range, but the maximum relative error still remains within -2.5% to 2%. Based on the training results, it is evident that the error of the predicted heat transfer coefficient and the pressure drop by the BP model is relatively small, meeting the required accuracy.
4.2.2. Accuracy evaluation of model prediction
The training results are assessed for deviation requirements, using 750 sets of test data out of the total 900 during the neural network model's training process. Furthermore, a more thorough evaluation of the predictive accuracy of the constructed neural network model is carried out using the remaining 150 test samples.
The predicted results of the heat transfer coefficient for the test samples, along with a comparison to experimental values, are illustrated in Figure 9. Fig. 9(a) shows a comparison of the BP model's predicted values and experimental data of the heat transfer coefficient for the test samples, represented by the red and blue lines, respectively. It can be seen that the two sets of data have a high degree of coincidence, with only slight deviations at the inflection points. Figs. 9(b) and 9(c) show the absolute and relative errors of the heat transfer coefficient for the test samples, respectively. It can be observed that the absolute error of the heat transfer coefficient falls between -60 and 60 W/(m2·k), and the relative error is within the range of -1.5% to 1.5%.
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(c)

	Fig. 9. Predicted results of the heat transfer coefficient for the test sample, (a) Comparison between predicted and experimental values, (b) Absolute errors, (c) Relative errors


The predicted results of the pressure drop for the test samples, along with a comparison to experimental values, are shown in Figure 10. Fig. 10(a) presents the comparison of the predicted and experimental values of the pressure drop. It can be seen that the two sets of data have a high degree of coincidence, with no significant deviations at the inflection points, indicating that the predicted values are close to the experimental data. Figs. 10(b) and 10(c) show the absolute error and the relative error of the pressure drop, respectively. It can be observed that the absolute error of the pressure drop does not exceed 0.5×10-3 MPa, and the relative error is within ±1.5%.
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(c)

	Fig. 10. Predicted results of the pressure drop for the test sample, (a) Comparison between predicted and experimental values, (b) Absolute errors, (c) Relative errors


The BP neural network model achieves a very high prediction accuracy, with a relative error of -1.5% to 1.5% for the heat transfer coefficient, and a relative error range for the predicted pressure drop that is no more than ±1.5%. It is evident that that the constructed neural network model meets the standard prediction accuracy and can be used for the prediction and optimization of the nanorefrigerant’s heat transfer performance.
4.3 Parametric analysis based on BP model
The effects of key operation parameters, including mass flux, inlet temperature, outlet pressure, outlet temperature, heat transfer rate and dryness fraction on the heat transfer coefficient and pressure drop based on the constructed neural network model are examined in this section.
Figure 11 illustrates the effects of mass flux and dryness fraction on the heat transfer coefficient and pressure drop. The inlet temperature, outlet pressure, heat transfer rate, and outlet temperature are set at 56 ℃, 0.245 MPa, 2100 W and 58 ℃, respectively. The dryness fraction is in a range of 0.65-0.75, while the mass flux ranges from 250 kg/(m2·s) to 500 kg/(m2·s). As shown in Fig. 11(a), the heat transfer coefficient is negatively correlated with the dryness fraction but increases slowly with the mass flux. As the dryness fraction increases, the content of liquid-phase nanorefrigerant decreases, resulting in the increase in the liquid film disturbance between the nanorefrigerant and the tube wall. At the same time, the film thickness becomes thinner, and weakens the heat transfer effect, leading to a decrease in the heat transfer coefficient. When the dryness fraction reaches a certain value under a stable mass flow, the heat transfer coefficient tends to be stable or even decrease. With a further increase in dryness fraction, bubbles continue to form and move on the surface of the inner tube wall, enhancing the heat transfer effect. When the dryness fraction reaches the maximum value, a large number of bubbles gather to form a gas film that ultimately covers the inner wall of the tube, leading to an increase in thermal resistance, a rapid rise in the wall temperature, and deterioration of the heat transfer. Fig. 11(b) shows the variation of pressure drop with the mass flux and dryness fraction. As the dryness fraction increases, the pressure drops decrease sharply and then slowly stabilizes, but increase slightly with the mass flux. For high dryness fraction regions, the nanorefrigerant flows in a ring-shaped pattern, and forms a liquid film on the inner tube wall while the gas-phase fluid undergoes convective heat transfer. The increase in dryness fraction raises the gas content of the nanorefrigerant, resulting in a decrease in convection heat transfer resistance. The reason for this is that the liquid film thickness, formed by the interaction between the liquid phase and the tube wall, decreases due to condensation heat transfer. Consequently, the pressure drop decreases. With an increase in mass flux, the pressure drops gradually increase. For high dryness fraction regions, the fluid mainly consists of gas-phase fluid flowing in a ring-shaped pattern. However, as the mass flux increases, the contact area between gas and liquid decreases, leading to a decrease disturbance at the gas-liquid interface, an increase in the liquid-phase thickness that contacts the tube wall, and thus an increase in the convection heat transfer resistance.
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	Fig. 11. Variation of heat transfer coefficient and pressure drop with the mass flux and dryness, (a) heat transfer coefficient, (b) pressure drop


Figure 12 displays the effects of inlet temperature and heat transfer rate on the heat transfer coefficient and pressure drop. It should be noted that the mass flux, outlet pressure, outlet temperature and dryness fraction are fixed at 400 kg/(m2·s), 0.245 MPa, 58 ℃, and 0.7, respectively. The inlet temperature increases from 55.5 ℃ to 61 ℃, and the heat transfer rate is in range of 1500-5000 W. As shown in Fig. 12(a), when the inlet temperature increases from 55.5 °C to 61 °C, with constant mass flux and dryness fraction, the heat transfer coefficient presents a decrease trend with inlet temperature, whereas keeps increasing with the heat transfer rate. Figure 12(b) shows the variation of pressure drop with the inlet temperature and heat transfer rate. It can be observed that the heat transfer rate has a slight effect on the pressure drop. Meanwhile, the pressure drop presents a sharp increase at first and then a smooth increase with the heat transfer rate.
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(b)

	Fig. 12. Variation of heat transfer coefficient and pressure drop with the inlet temperature and heat transfer rate, (a) heat transfer coefficient, (b) pressure drop


The effects of the outlet temperature and outlet pressure on the heat transfer coefficient and pressure drop are illustrated in Fig. 13. The mass flux, dryness fraction, heat transfer rate, and inlet temperature are set at 400 kg/(m2·s), 0.7, 2000 W and 56.5 ℃, respectively. The outlet temperature increases from 54.5 ℃ to 60 ℃, while the outlet pressure is ranging from 0.225 to 0.265 MPa. As shown in Fig. 13(a), the heat transfer coefficient presents a sharp increase with the outlet pressure. Figure 13(b) represents the variation of pressure drop with the outlet temperature and pressure. It can be seen that the pressure drop owns a slight increase with the outlet temperature but yields a parabolic trend of decrease with the outlet pressure.
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(b)

	Fig. 13. Variation of heat transfer coefficient and pressure drop with the outlet pressure and outlet temperature, (a) heat transfer coefficient, (b) pressure drop


4.4. Bi-objective optimization for maximizing heat transfer coefficient and minimizing pressure drop
Heat transfer coefficient and pressure drop are important indicators for the engineering application of nanorefrigerants. Normally a trade-off exists between these two factors, as elevating the heat transfer coefficient simultaneously escalates the economic cost due to a concomitant increase in pressure drop. To attain the optimal heat transfer performance, the BP neural network model is employed for optimizing various parameters, including dryness fraction, inlet temperature, heat transfer rate, outlet pressure, outlet temperature and mass flux, aiming to maximize the heat transfer coefficient and minimize the pressure drop simultaneously. The operation parameters outlined in section 4.3 are designated as decision variables, with the heat transfer coefficient and pressure drop as the objective functions. Table 4 displays the range of the operation parameters.
Table 4 Range for the decision variables
	Decision variables
	Upper
	Lower

	Dryness fraction
	0.75
	0.65

	Inlet temperature (℃)
	61
	56.5

	Heat transfer rate (W)
	5000
	1500

	Outlet temperature (℃)
	60
	56

	Outlet pressure (MPa)
	0.26
	0.22

	Mass flux (kg/m2·s)
	250
	500


Based on the NSGA-II, the Pareto-optimal frontier for maximizing heat transfer coefficient and minimizing pressure drop is plotted in Fig. 14. It should be noted that Point A is the single objective optimization results for minimizing pressure drop, while Point C is the single objective optimization results for maximizing heat transfer coefficient. The minimum pressure drops of 0.02088 MPa (Point A) can be obtained, with the corresponding heat transfer coefficient of 3865 W/(m2·K), while the maximum heat transfer coefficient of 4578 W/(m2·K) (Point C) can be yielded, with the corresponding pressure drop of 0.02247 MPa. The main idea of the TOPSIS decision-making method is to compare each candidate solution with the ideal solution and the negative ideal solution, thereby determining the relative superiority of each solution, and selecting the best option through comprehensive ranking. The Pareto-optimal solution (Point B) can be obtained using the TOPSIS decision-making method:
	

	(11)
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	Fig. 14. Pareto-optimal frontier for maximizing heat transfer coefficient and minimizing pressure drop


The optimal solution for heat transfer coefficient and pressure drop are 4500 W/(m2·K) and 0.0221 MPa, respectively. The detailed operation parameters for points A, B and C are listed in Table 5. The optimal dryness fraction, inlet temperature, heat transfer rate, outlet temperature, outlet pressure, and mass flux for Pareto-optimal solution are 0.7203, 58.51 ℃, 3903 W, 57.78 ℃, 0.255 MPa, and 306.14 kg/m2·s, respectively. 
Table 5 The optimal operation parameters for Pareto-optimal solution
	Decision variables
	A
	B
	C

	Dryness fraction
	0.7219
	0.7203
	0.7200

	Inlet temperature (℃)
	58.5017
	58.5087
	58.5308

	Heat transfer rate (W)
	4669
	3903
	3899

	Outlet temperature (℃)
	57.6411
	57.7830
	57.7946

	Outlet pressure (MPa)
	0.2550
	0.2550
	0.2550

	Mass flux (kg/m2·s)
	306.2129
	306.1446
	305.8472

	Heat transfer coefficient W/(m2·K)
	3864.7173
	4500.0373
	4577.5069

	Pressure drop (MPa)
	0.0209
	0.0221
	0.0225


5. Conclusion 
Applying the hybrid nanorefrigerants on organic Rankine cycle can significantly enhance the heat transfer characteristics, whereas it also increases flow resistance. To clarify the relationship between heat transfer performance and flow resistance, this study employs machine learning to develop a BP model for flow boiling heat transfer in a horizontal tube using ZnO/TiO2-R123 and conducts a bi-objective optimization considering heat transfer performance and flow resistance simultaneously. A BP neural network model is established with 750 groups experimental data as training sample and 150 groups experimental data as testing sample. The training accuracy and predictive accuracy of the BP model are analysed. The effects of six operation parameters (mass flux, inlet temperature, outlet pressure, outlet temperature, heat transfer rate and dryness fraction) on heat transfer coefficient and pressure drop are examined, while a bi-objective optimization by maximum heat transfer coefficient and minimum pressure drop is addressed. The main conclusions are as follow:
(1) The learning rate, training function, and number of hidden neurons for BP model are 0.45, trainlm, and 15, respectively, with the default hidden layer function as Tansig and output layer function as Purelin. The BP neural network model achieves a very high prediction accuracy, with a relative error of -1.5% to 1.5% for the heat transfer coefficient, and a relative error range for the predicted pressure drop that is no more than ±1.5%.
(2) The heat transfer coefficient is negatively correlated with the dryness fraction but increases slowly with the mass flux. The pressure drop owns a slight increase with the outlet temperature but yields a parabolic trend of decrease with the outlet pressure.
(3) The minimum pressure drop of 0.01 MPa can be obtained, with the corresponding heat transfer coefficient of 2260 W/(m2·K), while the maximum heat transfer coefficient of 3620 W/(m2·K) can be yielded, with the corresponding pressure drop of 0.0625 MPa. The Pareto-optimal solution can be obtained using TOPSIS decision making method. The optimal solution for heat transfer coefficient and pressure drop are 4500 W/(m2·K) and 0.0221 MPa, respectively.
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Figure captions
Fig. 1. Physical diagram of nano organic working medium flow boiling experiment device in a tube.
Fig. 2. Photo of the heat transfer experimental apparatus
Fig. 3. Structure of BP neural network.
Fig. 4. Effect of learning rates on the accuracy of the model
Fig. 5. Effect of the training functions on the accuracy of the model
Fig. 6. Effect of hidden layer neural numbers on the accuracy of the model
Fig. 7. Errors of the heat transfer coefficient for training sample, (a) Absolute errors; (b) Relative errors
Fig. 8. Errors of the pressure drop for training sample, (a) Absolute errors; (b) Relative errors.
Fig. 9. Predicted results of the heat transfer coefficient for the test sample, (a) Comparison between predicted and experimental values, (b) Absolute errors, (c) Relative errors
Fig. 10. Predicted results of the pressure drop for the test sample, (a) Comparison between predicted and experimental values, (b) Absolute errors, (c) Relative errors
Fig. 11. Variation of heat transfer coefficient and pressure drop with the mass flux and dryness, (a) heat transfer coefficient, (b) pressure drop
Fig. 12. Variation of heat transfer coefficient and pressure drop with the inlet temperature and heat transfer rate, (a) heat transfer coefficient, (b) pressure drop
Fig. 13. Variation of heat transfer coefficient and pressure drop with the outlet pressure and outlet temperature, (a) heat transfer coefficient, (b) pressure drop
Fig. 14. Pareto-optimal frontier for maximizing heat transfer coefficient and minimizing pressure drop
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Table captions
Table 1. Parameters of experimental test points.
Table 2. The parameters of BP model.
Table 3. The range for the decision variables
Table 4. The optimal operation parameters for Pareto-optimal solution
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