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Abstract 

Heat transfer coefficient during condensation in tubes under microgravity is the basic 
basis of space heat exchanger design, but its experimental data is scarce, so it is 
necessary to establish an accurate prediction model. In this study, a machine learning 
based approach for predicting heat transfer for condensation in tubes under 
microgravity is proposed. A consolidated database of 269 data points for condensation 
heat transfer under microgravity is amassed from 7 sources that includes 4 working 
fluids, hydraulic diameter of 0.557 mm-12.7 mm, mass flux of 50 < G <800 kg/m2s, and 
vapor quality of 0-1. An Artificial Neural Network (ANN) model is developed based on the 
universal consolidated database that was split into training data (80% of all dates) and 
test data (20% of all dates), and used to predict the condensation heat transfer 
coefficients under microgravity. An optimization is conducted and the model 
architecture consists of the following input parameters: hydraulic diameter (Dh), 
saturation temperature (Tsat), mass flux (G), vapor quality (χ) and a parameter related 
to the physical properties of the working fluid (ϕ). The RBF neural network model 
predicting capability is compared with the BP neural network model. The RBF network 
is superior to the BP network at predicting the test data. An optimization is conducted 
and the final RBF model with the value of spread constant is 1.5. This RBF neural model 
shows very good accuracy in predicting the test data with an MAPE of 2.35%. Otherwise, 
this RBF network model is superior to universal correlations for condensation heat 
transfer at predicting the test data. 
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1. Introduction 

1.1 Condensation in tubes under microgravity 

Considering convective condensation experiments preformed during microgravity condition, the 

work that has been published so far in the literature is only by Lee et al. and Marco Azzolin et al.. 

Lee et al. [1] tested condensation modules using FC-72 with an inner diameter of 7.12 mm and 

dedicated to the evaluation of the heat transfer coefficient during in-tube convective condensation. It 

is found that the heat transfer coefficient is greatly influenced by the mass velocity. At low mass 

velocities, the reduction of the heat transfer coefficient along the condensation length is monotonous 

and the effect of gravity is very obvious. At high mass velocities, the heat transfer coefficient increase 

as turbulence and waviness increase. Marco Azzolin et al. [2] studied convective condensation in 

normal gravity and microgravity conditions inside a 3.4 mm diameter circular cross section channel. 

The authors found that when gravity is perpendicular to the channel flow, gravity has a favorable 

effect on the heat transfer coefficient of the channel by acting on the liquid distribution along the 

perimeter of the channel. In microgravity conditions, this mechanism leads to punishment, which is 

proportional to the mass velocity. In addition, some researchers conducted CFD simulation of 
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condensation under microgravity [3-7]. They all discussed the gravity effects on condensation heat 

transfer coefficients, liquid film thickness, film distribution and etc.. The gravity has a great influence 

on both circumferential and axial direction condensation flow fields. Under zero-gravity condition, 

surface tension played an important role in heat transfer. 

1.2 Predicting heat transfer coefficient 

The most common and widely used approach to predicting heat transfer coefficient in condensation 

is the use of empirical and semi-empirical correlations. These correlations are based on experiments 

conducted by researchers over a range of flow parameters and geometric parameters. A good 

universal correlation developed for heat transfer coefficient for condensing mini/micro-channel flow 

is the study by Kim and Mudawar [8]. They amassed 4050 date points from 28 sources, and the 

correlation provided a fairly good prediction for the overall database, evidenced by an overall MAE 

(mean absolute error) of 16.0%. Another good example for universal correlation is the study by 

Koyama et al. [9], who developed a generalized correlation for condensation of refrigerant 134a in a 

multi-port extruded tube. They amassed data from their experiment, and its accuracy was verified in 

very broad ranges of operating conditions. This correlation provided good predictions against a 

refrigerant 134a database. Also, Wang et al. [10] developed a universal correlation for condensation 

heat transfer for millimeter-scale tubing with flow regime transition. They amassed 700 annular flow 

data from their experiment, and its accuracy was validated over very broad ranges of operations. This 

correlation provided very good predictions against the entire database, evidenced by 72.4% of data 

was predicted within 10%, and 97% of points were predicted to within 25%. Otherwise, Dobson and 

Chato [11] developed a universal correlation for heat transfer and flow regimes during condensation 

of refrigerants in horizontal tubes by experiment. Heat transfer correlations that were developed for 

each of these flow regimes successfully predicted data from the present study and from several other 

sources.  

1.3 Artificial neural network in thermal analysis 

Because the long-term, continuous space microgravity experiment environment is very rare, most of 

the researches on gas-liquid two-phase system are usually carried out under normal gravity, and only 

a few can be carried out under microgravity. At the same time, the research objectives under 

microgravity are mostly focused on the phenomenon of flow boiling heat transfer, and a small part is 

about the research of condensation heat transfer. 

The flow condensation heat transfer mechanism is very complex and has strong non-linear. It is 

difficult to explain clearly so far. Therefore, it is difficult to accurately express the universal 

correlation by mathematic forms. At the same time, most of the existing correlations are empirical or 

semi-empirical correlations based on experimental data, and they have large errors when they are 

extended to the prediction of condensation heat transfer coefficient. In recent years, with the rapid 

development of artificial neural network (ANN), various fields pay more and more attention to its 

application. However, ANNs used in the heat transfer coefficient of two-phase flow are more oriented 

towards boiling heat transfer, and few are used for condensation heat transfer. But it can be inferred 

that ANN has strong feasibility and reliability in predicting the heat transfer coefficient of 

condensation under microgravity through previous studies. 

Sadra Azizi et al. [12] applied the ANNs to predict heat transfer coefficient during condensation of 

R134a in inclined tubes. The result showed that the MAE of BP neural network is 1.61%, and the 

prediction accuracy is good. Kim and Mudawar [13] used an artificial neural network model to predict 

saturated flow boiling heat transfer in mini/micro-channels with the MAE of 20.3%. Yue Qiu et al. 

[14] used an artificial neural network model to predict mini/micro-channels saturated flow boiling 

heat transfer coefficient. The results showed that the ANN model shows very good accuracy in 

predicting the test data with an MAE of 14.3%, and the percentage data predicted within ±30% and 

±50% is 92.0% and is 97.4%, respectively. 



 

 

53 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 7, 2021 

DOI: 10.6919/ICJE.202107_7(7).0008 

1.4 Objective of study 

A consolidated database consisting of 269 data points for condensation heat transfer in tubes under 

microgravity is amassed from 7 sources [1-7]. Table 1 provides key information on these individual 

databases merged into the consolidated database. The consolidated database contains a large number 

of condensation heat transfer coefficient data points under microgravity with the following coverage: 

- Working fluids: R134a, R1234ze, HFE-7000 and FC-72 

- Hydraulic diameter: 0.557 mm < Dh < 12.7 mm 

- Mass flux: 50 < G <800 kg/m2s 

- Vapor quality: 0 < x< 1 

The objective of this study is to build an ANN model for predicting heat transfer for condensation in 

tubes under microgravity by utilizing the consolidated data in the annular flow domain. A large set 

of input parameters, including geometric, flow and physical parameters will be used to setup the ANN 

analysis. In addition, the predicted results will be compared with universal correlations to see the 

advantages of the ANN. 

 

Table 1. Condensation heat transfer data in microgravity included in consolidated database [1 - 7] 

Author (s) Channel geometry Dh (mm) Fluid (s) Tsat (℃) G (kg/m2s) Data points 

Enrico Da Riva et al. [3] C single, H 1 R134a 40 100, 800 30 
Marco Azzolin et al. [2] C single, H 3.4 HFE-7000 45 70, 100, 130 20 

Jian Wen et al. [4] C single, H 1, 2 R1234ze(E) 40 400 36 
Xin Gu et al. [5] C single, H 4.57 R1234ze(E) 40 400 14 

Yuchuan Lei et al. [6] CT single, H 0.577 R134a 40 50 10 
Xin Gu et al. [7] C single, H 1, 2, 4.57 R1234ze(E) 40 300, 400, 600 125 

Hyoungsoon Lee et al.[1] C single, H 7.12 FC-72 62 129-333 34 

C: circular, CT: curved triangle, H: horizontal. 

2. ANN 

The artificial neural networks (ANNs) have good processing ability to the non-linear information and 

have strong learning ability, etc. Therefore, using ANNs to process data has greater advantages than 

universal correlations [15]. The most commonly used of all types of neural networks is back-

propagation (BP) neural network. However, according to some studies, compared with BP neural 

network, RBF neural network has simpler structure and more concise training, furthermore, RBF 

network has better approximation capability, astringency and learning speed [16-18]. Therefore, in 

order to select the prediction model more suitable for the heat transfer coefficient (HTC) of 

condensation in tubes under microgravity, BP neural network and RBF neural network were used to 

select the relatively optimal neural network model. 

2.1 BP neural network model 

Among all types of network structure used in ANNs, the most commonly used is back-propagation 

(BP) algorithm [12]. BP network is consisted of an input layer, one or more hidden layers and an 

output layer. Each layer has some artificial neurons (nodes), a weight matrix (w), and an output vector. 

The mathematical evaluation model based on BP neural network as follows:  

2.1.1 The running process of the network 

For a neural network with a total of L layers (including an input layer and an output layer), the output 

of any node i is Oi. For the m-th input, the output of the i-th node of the (l-1)-th layer is 𝑂𝑖𝑚
(𝑙−1)

, then 

the output of the j-th node of layer l is: 

𝑂𝑖𝑚
(𝑙) = 𝑓

(𝑙)
(𝑆𝑖𝑚

(𝑙)
)                              (1) 

The join weight of the i-th node of the (l-1)-th layer to j-th node of the l-th is 𝑤𝑖𝑗
𝑙 , the number of nodes 

at layer l is dl-1, and the output is 𝑆𝑖𝑚
(𝑙)

, then the first layer input to the j-th node is: 
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𝑆𝑖𝑚
(𝑙) = ∑ 𝑤𝑖𝑗

(𝑙)𝑂𝑖𝑚
(𝑙−1)𝑑𝑙−1

𝑖=1                             (2) 

Where f(𝑙) is the excitation function acting on each node in the l-th layer.  

2.1.2 Each layer of excitation function 

The excitation function has different choices, such as Sigmoid function, Purelin function, Hyperbolic 

tangent function, etc. Sigmoid function is the most popular out of these in BP network, because 

Sigmoid function can better connect the transformation process of the model from approximate-linear 

to non-linear in the process of weight correction. Most commonly used Sigmoid functions in hidden 

layer are hyperbolic tangent sigmoid (Tansig) and logarithm sigmoid (Logsig).  

2.1.3 Error energy function 

The error energy function the BP network is: 

E = ∑ 𝐸𝑚 =
1

2
∑ ‖𝑓(𝑙)(𝑆𝑖𝑚

(𝑙)) − 𝑡𝑚‖
𝑁
𝑚=1

𝑁
𝑚=1                     (3) 

Where Em is the square of the Euclidean distance between the network output vector and target vector, 

tm is the target value of m-th example and N is the number of training examples. 

2.1.4 BP algorithm learning process 

The standard BP learning algorithm uses the gradient descent method to adjust the weight of the 

network. For the k-th round training, the network weight between the l-th layer and the (l+1)-th layer 

satisfies the following relationship: 

𝑤𝑖𝑗
(𝑙)(𝑘) = 𝑤𝑖𝑗

(𝑙)(𝑘− 1)+ Δ𝑤𝑖𝑗
(𝑙)(𝑘)                         (4) 

Δ𝑤𝑖𝑗
(𝑙)(𝑘) = 𝑤𝑖𝑗

(𝑙)(𝑘) − 𝑤𝑖𝑗
(𝑙)(𝑘 − 1) = −𝜆

𝜕𝐸𝑚

𝜕𝑤𝑖𝑗
(𝑙)(𝑘)

                  (5) 

Where 
𝜕𝐸𝑚

𝜕𝑤𝑖𝑗
(𝑙) =

𝜕𝐸𝑚

𝜕𝑆𝑖𝑚
(𝑙) ∙

𝜕𝑆𝑖𝑚
(𝑙)

𝜕𝑤𝑖𝑗
(𝑙) =

𝜕𝐸𝑚

𝜕𝑆𝑖𝑚
(𝑙) ∙ 𝑂𝑖𝑚

(𝑙−1)
, λ is the learning rate. 

2.1.5 Neural network model selection 

In this work, BP network was used to predict the heat transfer coefficient (HTC) during condensation 

under microgravity. The network was designed and trained using a total of 269 data points reported 

by 7 researchers. Hydraulic diameter (Dh), mass flux (G), vapor quality (x), saturation temperature 

(Tsat) and a parameter related to the physical properties of the working fluid (ϕ) were chosen as input 

variables, while the corresponding heat transfer coefficient was selected as output variable. Among 

them, because the working fluid has many physical parameters that affect the condensation heat 

transfer coefficient in the tube, such as density (ρ), dynamic viscosity (μ), thermal conductivity (k), 

specific heat capacity at constant pressure (Cp), etc., in order to simplify the input parameters, the 

physical parameters of the working fluid are simplified into one parameter ϕ related to the physical 

properties of the working fluid (Eq. (6)).In order to choose a better model, performance of the 

networks with one hidden layer and with two hidden layers are discussed and their results are reported. 

The configuration of the Z neurons in single hidden layer and the [X-Y] neurons in two hidden layers 

are shown in Fig.1. Z is in the range of 1 to 20 and [X-Y] is in the range of [1 1] to [20 20]. 

𝜙 = (
𝐶𝑝𝑓

𝜇𝑓
)
0.4

∙ 𝑘𝑓
0.6

                              (6) 

where, 𝐶𝑝𝑓  is liquid-only specific heat capacity at constant pressure, 𝜇𝑓  is liquid-only dynamic 

viscosity and 𝑘𝑓 is liquid-only thermal conductivity. 

In order to validate the developed ANN model, the all data were randomly divided into two sets: 

training (80%) and testing (20%) data sets. All input and output values were normalized between -1 

and 1. Logsig transfer function was utilized for one hidden layer neurons and [Logsig Tansig] was 

utilized for two hidden layer neurons while linear (purelin) transfer function was used for output layer 

neurons. Logsig function, Tansig function, and Purelin function as shown in Fig. 2. For BP network, 

its topology is related to the number of neurons in hidden layers, which has a great impact on the 



 

 

55 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 7, 2021 

DOI: 10.6919/ICJE.202107_7(7).0008 

prediction accuracy and generalization ability of the network. However, there is no general rule to 

determine the optimal topology of BP network, which is usually determined by trial and error. The 

specific model parameters are shown in Table 2. 

 

 

(a)                                                    (b) 

Figure 1. Schematic representation of the BP network architecture (5-X-Y-1) and (5-Z-1) applied in 

this study: (a) One hidden layer and (b) Two hidden layers 

 

(a)                               (b)                      (c) 

Figure 2. Common activation functions: (a) Logsig function, (b) Tansig function and (c) Purelin 

function. 

 

Table 2. The BP neural network prediction model parameters 

No. The parameter name Value or option 

1 A single hidden layer nodes 1,2,3...18,19,20 

2 A single hidden layer nodes transfer function type logsig 

3 Two hidden layers nodes [1 1],[2 2]...[19 19],[20 20] 

4 Two hidden layers nodes transfer function type [logsig tansig] 
5 Output layer neuron excitation function purelin 

6 Training function type trainlm 

7 Learning function type learngdm 
8 The max iteration number 1000 

9 The network learning rate 0.01 

10 The momentum coefficient 0.95 
11 Network training goal error 0.001 
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2.2 RBF neural network model 

The Radial Basis Function (RBF) network has simple structure and concise training. Compared with 

the commonly used BP network, RBF network has better approximation capability, astringency and 

learning speed. RBF network is a three-tier feed-forward network based on functions approximation 

theory, its architecture is shown in Fig.3, where 𝑤𝑖𝑘 is the output connect weight matrix and b is the 

offset of the output unit.  

2.2.1 Algorithm principle 

The performance calculation model based on RBF neural network as follows: 

The first layer is the input layer which composed of signal source node X = (x1, x2, Ʌ, xj, Ʌ, xn) and 

only transmits input signal to hidden layer, where n is the number of input layer nodes. The second 

layer is the hidden layer. Its node basis function 𝜙
𝑖
(𝑥) is a locally distributed nonnegative nonlinear 

function which center point is radially and attenuated. It locally responses to the input signal, the 

number of hidden layer nodes i depends on the specific problem. 

Commonly used radial basis functions have the following forms: 

{

Gaussian function:              𝑓(𝑥) = 𝑒−(𝑥
2/2𝜎2)                      

Reflected sigmoidal function:   𝑓(𝑥)= 1 [1+ exp (𝑥2/𝜎2)]⁄   𝛼 > 0      

 Inverse multiquadrics function: 𝑓(𝑥) = 1/√𝛼2+ 𝑥2      𝛼 < 𝛽 < 1      

      (7) 

These functions are all radially symmetric, but the most common function used in the RBF neural 

network hidden layer is the Gaussian function. The input layer implements a nonlinear mapping from 

X → 𝜙
𝑖
(𝑥):  

𝜙
𝑖
(𝑥) = 𝑒𝑥𝑝 [−

‖𝑥−𝑐𝑖‖

2𝜎𝑖2
], i = 1, 2, Ʌ, m                      (8) 

Where: x is the n-dimensional input vector; ci is the center of the i-th basis function; 𝜎𝑖 is the i-th 

perceived variable is used to determine the width of the basis function around the center point, which 

reflects the width of the function image, the smaller 𝜎 is, the narrower the width and the more 

selective the function is, so choose the Gaussian function is good; m is the number of hidden layer 

nodes; ‖𝑥− 𝑐𝑖‖ is the Euclidean norm of the vector 𝑥 − 𝑐𝑖, which is the distance between 𝑥 and 𝑐𝑖. 
Base function 𝜙

𝑖
(𝑥) has a unique maximum value at 𝑐𝑖, and with the increase of ‖𝑥− 𝑐𝑖‖, 𝜙

𝑖
(𝑥) 

quickly decay to zero. Therefore, for a given input 𝑥 ∈ 𝑅, only a small part near center of 𝑥 can be 

activated.  

The third layer is output layer, which implements a linear mapping from 𝜙
𝑖
(𝑥) → Y, and the k-th 

neural network output of the output layer is: 

Y = ∑ 𝑤𝑖𝑘
𝑚
𝑖=1 𝜙𝑖(𝑋) k = 1, 2, Ʌ, p                       (9) 

Where: p is the number of output layer nodes; 𝑤𝑖𝑘 is the connection weight of the i-th neuron of the 

hidden layer and the k-th neuron of the output layer; 𝜙
𝑖
(𝑋) is the function of the neuron of the hidden 

layer. 

2.2.2 The training and learning process of the network 

The determination of the number of neurons in the hidden layer of the RBF network is a key issue in 

the training process. The traditional algorithm is to make it equal to the number of input vectors, but 

when there are a large number of input vectors, too many hidden layer neurons will be generated, 

which will cause the network scale to be too large. For this reason, k-means clustering algorithm is 

adopted to train the network, which does not need to determine the number of hidden layer neurons 

in advance, and can carry out self-adaptation adjust of parameters and structure simultaneously. The 

basic principle is: the number of neurons start training from 0, and automatically add the number of 

neurons to the network by checking the output error. After the training sample is calculated once per 

cycle, the training sample corresponding to the largest error generated by the network is used as the 

weight vector 𝑤 and generate a new hidden layer neurons. Then recalculate and check the error of 
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the new network. Repeat this process until the expected error of training or the maximum number of 

hidden layer neurons is reached. 

Determine the center ci, the width 𝜎𝑖 and the output connect weight matrix 𝑤𝑖𝑘 of the basis function 

from the training samples. Where, the center ci of the basis function is determined by k-means 

clustering algorithm. And the width 𝜎𝑖 of the basis function is determined by the spread constant. 

Generally, different values of SPREAD can be used to test to select the optimal value. The number of 

neurons in the hidden layer (i), the center (ci) and the width (𝜎𝑖) of the basis function are determined. 

The RBF neural network becomes a system of linear equations from input to output, and the output 

connect weight matrix 𝑤𝑖𝑘 is solved by the least square method. 

 

Figure 3. Schematic representation of the RBF network architecture applied in this study 

 

2.2.3 Neural network model selection 

To establish the RBF neural network model, it is necessary to consider the factors affecting the heat 

transfer coefficient (HTC) during condensation under microgravity to determine the input and output 

parameters of the network. The input and output parameters of RBF neural network are the same as 

those of BP neural network. Then the performance of RBF network is mainly affected by the spread 

constants (SPREAD). Therefore, different SPREAD are generally selected for test to select the most 

appropriate RBF neural network structure to predict the flow condensation heat transfer coefficient 

in the tube under microgravity. In this study, the target training error of RBF network was set as 0.001, 

and the SPREAD was set as 1, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7, 1.8, 1.9, 2, 3, 4, 5, 6. In addition, the 

RBF network also randomly divides 80% of the data into training samples and 20% of the data into 

test samples, just like the BP neural network. 

2.3 Neural network error estimation 

The accuracy of models was evaluated by various criteria including root mean square error (RMSE), 

mean absolute percent error (MAPE) and coefficient of determination (R2) between the actual and 

predicted values[19]. Root mean square error (RMSE), mean absolute percent error (MAPE) and 

coefficient of determination (R2) are defined as follows: 

RMSE = √
1

𝑁
∑(𝑌𝐴𝑐𝑡,𝑚 − 𝑌𝑃𝑟𝑒𝑑,𝑚)

2
                       (10) 

MAPE = [
1

𝑁
∑ |

𝑌𝐴𝑐𝑡,𝑚−𝑌𝑃𝑟𝑒𝑑,𝑚

𝑌𝐴𝑐𝑡,𝑚
|] × 100%                     (11) 

                         (12) 

where 𝑌𝑃𝑟𝑒𝑑,𝑚 is the predicted value obtained from the neural network model and 𝑌𝐴𝑐𝑡,𝑚 is the actual 

value. In addition, 𝑌𝑃𝑟𝑒𝑑,𝑚̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the average of the predicted values. 
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3. Results and discussion 

3.1 ANN model selection 

Regarding BP neural network, different networks with single hidden layer and double hidden layers 

were developed and applied to predict the HTC. We established 40 networks and each network was 

run for 50 times repeatedly. According to the testing performance of the networks, the network model 

having double hidden layers and the number of neurons in each layer is 20 (5-[20 20]-1) was found 

to be the optimum network with the best performance (see Table 3 and bold items). For testing data, 

RMSE, R2 value and MAPE of this network were obtained 237, 0.9922 and 4.32%, respectively. 

 

Table 3. Performance results of BP network for different number of neurons in the hidden layer for 

testing data set 

No. of neurons RMSE MAPE (%) R2 No. of neurons RMSE MAPE (%) R2 

[1] 614 13.73 0.9534 [1 1] 735 20.90 0.9413 

[2] 517 11.28 0.9612 [2 2] 496 9.31 0.9694 

[3] 702 12.46 0.9443 [3 3] 580 13.02 0.9715 

[4] 512 11.05 0.9603 [4 4] 378 8.56 0.9772 

[5] 421 8.68 0.9696 [5 5] 294 5.58 0.9836 

[6] 409 7.07 0.9793 [6 6] 433 5.75 0.9793 

[7] 449 10.05 0.9735 [7 7] 524 7.82 0.9788 

[8] 393 5.06 0.9727 [8 8] 273 4.20 0.9887 

[9] 398 8.42 0.9790 [9 9] 561 4.20 0.9748 

[10] 500 8.92 0.9773 [10 10] 302 5.19 0.9868 

[11] 534 13.72 0.9648 [11 11] 347 5.88 0.9869 

[12] 313 6.12 0.9833 [12 12] 438 4.76 0.9842 

[13] 437 7.83 0.9771 [13 13] 415 7.20 0.9821 

[14] 376 7.13 0.9761 [14 14] 280 3.79 0.9875 

[15] 322 7.05 0.9806 [15 15] 365 5.73 0.9859 

[16] 366 7.67 0.9870 [16 16] 300 4.73 0.9876 

[17] 446 6.60 0.9804 [17 17] 431 6.33 0.9798 

[18] 342 5.76 0.9799 [18 18] 311 6.03 0.9863 

[19] 472 6.55 0.9760 [19 19] 369 7.47 0.9766 

[20] 342 5.12 0.9765 [20 20] 237 4.32 0.9922 

 

Figure 4. Scatter plot of the predicted HTC values by the ANN model versus actual data for the 

training data set 
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Figs. 4 and 5 illustrate the scatter plot of the predicted HTC values by the developed ANN model 

against the actual HTC values for the training and testing data sets, respectively.  

As can be seen from the Fig.3, R2 value of 0.9837 and MAPE of 3.97% for training data set were 

obtained. Also, the accuracy between the predictions of optimal ANN and actual data for all data is 

shown in Fig. 6. 

89% all data are within ±5% error band and 90% of them fall into ±10% error band. For these data, 

MAPE of 3.67% and R2 value of 0.9837 were calculated. The actual values are in good agreement 

with the predicted values, verifying that the developed BP neural network has the high ability for 

predicting the HTC. 

 

Figure 5. Scatter plot of the predicted HTC values by the ANN model versus actual data for the 

testing data set 

 

Figure 6. Scatter plot of the predicted HTC values by the ANN model versus actual data for all data 

sets 
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Regarding RBF neural network, different networks with different value of network spread constant 

(SPREAD) were developed and applied to predict the HTC. We established 15 networks and each 

network was run for 50 times repeatedly. According to the testing performance of the networks, the 

network model taking SPREAD=1.5 was found to be the optimum network with the best performance 

(see Table 3 and bold items). For all data, RMSE, R2 value and MAPE of this network were obtained 

165, 0.9953 and 2.35%, respectively. 

As can be seen from Fig. 7, 99% all data are within ±30% error band and 94% of them fall into ±10% 

error band. The actual values are very consistent with the predicted values, which proves that the 

developed RBF neural network has high HTC prediction ability. 

 

Table 4. Performance results of RBF network for different value of expansion constant (SPREAD) 

SPREAD RMSE MAPE R2 

1 499 3.15 0.9770 

1.1 487 6.76 0.9727 

1.2 349 4.26 0.9917 

1.3 178 3.57 0.9960 

1.4 191 2.49 0.9949 

1.5 165 2.35 0.9953 
1.6 331 4.19 0.9910 

1.7 270 6.49 0.9896 

1.8 221 3.79 0.9927 

1.9 203 2.69 0.9970 

2 213 2.77 0.9940 

3 296 3.32 0.9932 

4 342 3.92 0.9904 

5 209 2.90 0.9926 

6 245 2.90 0.9930 

 

Figure 7. Scatter plot of the predicted HTC values by the ANN model versus actual data for all data 

sets 

 

Comparing the developed BP neural network and RBF neural network (see Fig. 8), it can be found 

that RMSE and MAPE of RBF neural network are smaller, which are 165 and 2.35%, simultaneously, 
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R2 of RBF neural network are bigger, which is 0.9953. It proves that the RBF neural network is more 

superior than the BP neural network in predicting heat transfer coefficient during condensation in 

tubes under microgravity. At the same time, it is found that the training time of the RBF neural 

network is shorter and the training speed of the RBF neural network is faster during the training 

process. Therefore, the prediction of heat transfer coefficient during condensation in tubes under 

microgravity in this paper adopts the RBF neural network with spread constant (SPREAD) of 1.5. 

 

Figure 8. Comparison of BP neural network with RBF neural network 

 

3.2 ANN comparison with universal correlation 

The ANN model results based on the test dataset were compared with predictions of the universal 

corrections by Dobson and Chato[11], Wang et al.[10], Koyama et al.[9], and Kim and Mudawar [8]. 

Table 4 provides a summary of these universal/generalized annular flow condensation heat transfer 

correlations and Table 5 provide the dimensionless groups employed in the prediction of condensation 

heat transfer. As we can see in Fig.9(a), the MAPE for Dobson and Chato is 23.4% and percentage 

data predicted within ±30% is 76.7% and percentage data predicted within ±50% is 81.3%. In Fig.9(b), 

we can see that MAPE for Wang et al. is 32.87% and the percentage data predicted within ±30% is 

71% and percentage data predicted within ±50% is 81.62%. Although Wang et al. correlation and 

Dobson and Chato correlation perform good, they all worse than Kim and Mudawar correlation. In 

Fig.9(c), we can see that the MAPE for Koyama et al. is 50.85% and the percentage data predicted 

within ±30% is 2.8% and percentage data predicted within ±50% is 57.6%. Since the generalized 

correlation was developed for a smaller parameter range than the parameters predicted in this study 

and for constant gravity, the overall performance to be low is not unreasonable. As we can see in 

Fig.9(d), the MAPE for Kim and Mudawar is 23.4% and percentage data predicted within ±30% is 

80.6% and percentage data predicted within ±50% is 94.7%. The correlation by Kim and Mudawar 

performs significantly better than Koyama et al., Wang et al. and Dobson and Chato. While this shows 

that the correlation predicting capability is very good, the correlation performs is not better than the 

developed RBF neural network, the developed RBF neural network shows very promising results 

(see Fig.10). 
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Table 5. Annular flow condensation heat transfer correlations 

Author(s) Equation Remarks 

Dobson 
and Chato 

(1998) 

ℎ𝑡𝑝𝐷ℎ

𝑘𝑓
= 0.023𝑅𝑒𝑓

0.8𝑃𝑟𝑓
0.4 (1 +

2.22

𝑋𝑡𝑡
0.89) 

Dh = 3.14 –7.04 

mm 

R12, R22, R134a, 
R32/R125 

Wang et 
al. 

(2002) 

ℎ𝑡𝑝𝐷ℎ

𝑘𝑓
= 0.0274𝑃𝑟𝑓𝑅𝑒𝑓

0.6792𝑥0.2208
𝜙𝑔

𝑋𝑡𝑡
 

𝜙𝑔
2 = 1.376 + 8𝑋𝑡𝑡

1.665 

Dh = 1.46 mm 
R134a 

multi-channel 

Koyama et 
al. 

(2003) 

ℎ𝑡𝑝𝐷ℎ

𝑘𝑓
= 0.0152(1 + 0.6𝑃𝑟𝑓

0.8)
𝜙𝑔

𝑋𝑡𝑡
𝑅𝑒𝑓

0.77 

𝜙𝑔
2 = 1 + 21[1 − 𝑒𝑥𝑝(−0.319𝐷ℎ)]𝑋𝑡𝑡 + 𝑋𝑡𝑡

2  

Dh = 0.80, 1.11 

mm 

R134a 
multi-channel 

Kim and 

Mudawar 
(2013) 

ℎ𝑡𝑝𝐷ℎ

𝑘𝑓
= 0.048𝑅𝑒𝑓

0.69𝑃𝑟𝑓
0.34

𝜙𝑔

𝑋𝑡𝑡
 

𝜙𝑔 = 1 + 𝐶𝑋 + 𝑋
2 

𝑋2 =
𝑓𝑓𝜈𝑓(1 − 𝑥)

2

𝑓𝑔𝜈𝑔𝑥2
 

𝑓𝑘 = {

16𝑅𝑒𝑘
−1             𝑅𝑒𝑘  < 2000                           

0.079𝑅𝑒𝑘
−0.25        2000 ≤ 𝑅𝑒𝑘  < 20000                   

0.046𝑅𝑒𝑘
−0.2         𝑅𝑒𝑘 ≥ 20000                           

  k: f or g 

𝐶 =

{
 
 
 
 
 

 
 
 
 
 0.39𝑅𝑒𝑓𝑜

0.03𝑆𝑢𝑔𝑜
0.10 (

𝜌𝑓

𝜌𝑔
)

0.35

        𝑅𝑒𝑓 ≥ 2000, 𝑅𝑒𝑔 ≥ 2000     

8.7 × 10−4𝑅𝑒𝑓𝑜
0.17𝑆𝑢𝑔𝑜

0.50 (
𝜌𝑓

𝜌𝑔
)

0.14

   𝑅𝑒𝑓 ≥ 2000, 𝑅𝑒𝑔 < 2000     

0.0015𝑅𝑒𝑓𝑜
0.59𝑆𝑢𝑔𝑜

0.19 (
𝜌𝑓

𝜌𝑔
)

0.36

      𝑅𝑒𝑓 < 2000, 𝑅𝑒𝑔 ≥ 2000     

3.5 × 10−5𝑅𝑒𝑓𝑜
0.44𝑆𝑢𝑔𝑜

0.0.5 (
𝜌𝑓

𝜌𝑔
)

0.48

   𝑅𝑒𝑓 < 2000, 𝑅𝑒𝑔 < 2000     

 

Dh = 0.424 – 6.22 
mm 

R12, R22, R134a, 

R404A, R123, 
R410A, R600a, 

R32, Methant, 

R1234yf, R236fa, 
R1234ze(E), FC-

72, CO2 
multi-channel 

 

Table 6. Dimensionless groups employed in the prediction of condensation heat transfer 

Parameter Definition Interpretation 

Liquid- or vapor-only 

Reynolds number 
𝑅𝑒𝑓𝑜 =

𝐺𝐷ℎ

𝜇𝑓
 𝑅𝑒𝑔𝑜 =

𝐺𝐷ℎ

𝜇𝑔
 

Inertia

Viscous force
 based on total flow rate 

Prandtl number 𝑃𝑟𝑘 =
𝜇𝑘𝐶𝑝,𝑘

𝑘𝑘
 k：f or g 

Momentum diffusivity

Thermal diffusivity
 

Superficial liquid or vapor 

Reynolds number 
𝑅𝑒𝑓 =

𝐺(1−𝑥)𝐷ℎ

𝜇𝑓
 𝑅𝑒𝑔 =

𝐺𝑥𝐷ℎ

𝜇𝑔
 

Inertia

Viscous force
 based on actual flow rate 

for each phase 

Density ratio 
𝜌𝑓

𝜌𝑔
 

Liquid density

Vapor density
 

Lockhart–Martinelli 

parameter 
𝑋𝑡𝑡 = (

𝜇𝑓

𝜇𝑔
)

0.2

(
1 − 𝑥

𝑥
)
0.9

(
𝜌𝑔

𝜌𝑓
)

0.5

 
Sensible heat

Surfacetension force
 based on turbulent 

liquid–turbulent vapor 
Liquid- or vapor-only 

Suratman number 
𝑆𝑢𝑓𝑜 =

𝜌𝑓𝜎𝐷ℎ

𝜇𝑓
2  𝑆𝑢𝑔𝑜 =

𝜌𝑔𝜎𝐷ℎ

𝜇𝑔
2  - 
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(a)                                           (b) 

  

(c)                                     (d) 

Figure 9. Comparison of test data points with predictions of previous universal correlations for 

condensation heat transfer by (a) Dobson and Chato, (b) Wang et al., (c) Koyama et al., and (d) Kim 

and Mudawar 

 

Figure 10. Comparison of the predictions of Kim and Mudawar correlations and the predictions of 

developed RBF neural network for condensation heat transfer 
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3.3 Influence analysis of input parameters 

Typical prediction results of the trained RBF neural network regarding the influence of vapor quality 

(χ), mass flux (G), hydraulic diameter (Dh) and saturation temperature (Tsat) on the condensation heat 

transfer coefficient are shown in Figs. 11-14. These figures show that there is a good agreement 

between the actual and the predicted HTC values, thus confirming the high ability of the ANN model 

to predict the influence of network input variables on HTC values under different conditions.  

Fig. 11 shows the comparison between the actual and the predicted HTC values of the condensation 

heat transfer coefficient of R134a changing with hydraulic diameter, mass flux and vapor quality 

under microgravity condition. The data comes from the numerical simulations of Enrico Da Riva et 

al. [3] and Yuchuan Lei et al.[6] The working conditions are Tsat = 40℃, Dh = 1 / 0.577 mm and G = 

50 / 100 / 800 kg/m2s. From the distribution of the actual data points, it can be found that the HTC 

increases with the increase in vapor quality under different working conditions. Under the same 

hydraulic diameter, the HTC increases with the increase of mass flux, and the overall trend remains 

the same under different working conditions. At the same time, it is found that the HTC has a small 

change trend when the mass flux is 50 kg/m2s and the hydraulic diameter is 0.577 mm. The change 

curve of the predicted value of the RBF neural network model is very consistent with the change trend 

of the actual value. 

Fig.12 shows the comparison between the actual and the predicted HTC values of the condensation 

heat transfer coefficient of R1234ze(E) as a function of vapor quality under different hydraulic 

diameter and mass flux. The data comes from the numerical simulations of Jian Wen et al. [4], Xin 

Gu et al. [5] and Xin Gu et al. [7] The working conditions are Tsat = 40℃, Dh = 1 / 2 / 4.57 mm and 

G = 300 / 400 / 600 kg/m2s. From the change trend of the actual data points in Fig.11, it can be seen 

that the HTC increases with the increase of vapor quality. Under the conditions of the same hydraulic 

diameter and different mass flux, the HTC increases as the mass flux increases. With the same mass 

flux and different hydraulic diameter, the HTC decreases as the hydraulic diameter increases. The 

results of the neural network prediction model can well show the above trends. 

Fig.13 shows the comparison between the prediction results of the RBF neural network model and 

the actual data of HFE-7000’s HTC under microgravity as a function of vapor quality. The data comes 

from the experiment of Marco Azzolin et al. [2], the working conditions are Tsat = 45℃, Dh = 3.4 mm 

and G = 70 / 100 / 130 kg/m2s. It can be seen from the change trend of experimental data points in 

Fig.12 that the HTC increases with the increase of vapor quality. It is also found that the HTC trend 

at a mass flux of 130 kg/m2s intersects with that at a mass flux of 70 kg/m2s at a vapor quality of 0.4 

to 0.5. The change curve of the RBF neural network model is in good agreement with the change 

trend of experimental data. 

 

Figure 11. Typical results of the ANN model and actual data for predicting the effect of vapor 

qualities, mass flux and hydraulic diameter on the heat transfer coefficient for R134a (Tsat = 40℃) 
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Fig.14 shows the comparison between the prediction results of the RBF network model and the actual 

data of FC-72's HTC changing with vapor quality under microgravity conditions. The data comes 

from the experiment of Hyoungsoon Lee et al.[1] It can be observed from the error distance in the 

figure that the error between the predicted value and the actual value is small, and overall change 

trend of the HTC is consistent, both of which decrease with the decrease of mass flux and vapor 

quality. 

 

Figure 12. Typical results of the ANN model and actual data for predicting effect of vapor qualities, 

mass flux and hydraulic diameter on the heat transfer coefficient for R1234ze(E) (Tsat = 40℃) 

 

Figure 13. Typical results of the ANN model and actual data for predicting the effect of vapor 

qualities and mass flux on the heat transfer coefficient for HFE-7000 (Tsat = 45℃ and Dh = 3.4mm) 
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Figure 14. Typical results of the ANN model and actual data for predicting the effect of vapor 

qualities and mass flux on the heat transfer coefficient forFC-72 (Tsat = 62℃). 

 

  

(a)                                 (b) 

 

(c) 

Figure 15. Performance of the optimal ANN for the different input parameters, (a) mass flux, (b) 

hydraulic diameter and (c) saturation temperature 
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The MAPE of prediction results of the optimal RBF network for different input parameters of the 

network are compared in Fig.15 in which because of the diverse values of vapor quality, MAPE of 

this parameter was not presented. The highest MAPE was obtained 3.89%, 9.60% and 9.60% for G 

= 100 kg/m2s, Dh = 12.7 mm and Tsat = 62 ℃, respectively, while MAPE acquired lower than 2% for 

other studied condition. The best performance of the trained network was also achieved for G = 70 

kg/m2s, Dh = 2 mm and Tsat = 40 ℃ with MAPE of 0.23%, 0.67% and 0.89%, respectively. 

From the above analysis, it can be seen that the actual value and the predicted value of the RBF neural 

network are in good agreement, which proves the ability of the RBF neural network to predict the 

influence of the input variables on the value of the condensation heat transfer coefficient under 

different working conditions. This research provides a RBF neural network prediction model, and 

using the method proposed in this research, each refrigerant input parameter can be trained in the 

network to predict heat transfer coefficient during condensation in tubes under microgravity. 

4. Conclusions 

In this study, a new method for prediction heat transfer coefficient for condensation in tubes under 

microgravity is proposed. A universal consolidated database is used to develop a ANN model based 

predictive modeling approach for predicting the data. The main findings from this study are as follows:  

A consolidated database of 269 data points for condensation heat transfer in tubes under microgravity 

is amassed from 7 sources. This included 4 working fluid, hydraulic diameter of 0.557 mm-12.7 mm, 

mass flux of 50 < G <800 kg/m2s, and vapor quality of 0-1. The database included circular and curved 

triangle channels. 

The consolidated database is divided into train and test data. An optimization is conducted and the 

model architecture consists of the following input parameters: hydraulic diameter (Dh), saturation 

temperature (Tsat), mass flux (G), vapor quality (x) and a parameter related to the physical properties 

of the working fluid (ϕ). 

The RBF neural network model predicting capability is compared with the BP neural network model. 

The RBF network is superior to the BP network at predicting the test data. An optimization is 

conducted and the final RBF model with the value of spread constant (SPREAD) is 1.5. This RBF 

neural model shows very good accuracy in predicting the test data with an MAPE of 2.35%, and the 

percentage data predicted within ±30% and ±10% is 99% and is 94%, respectively. In addition, 

comparison of RBF neural network model performance for different input parameters showed that 

the trained RBF network could predict the HTC values with MAPE < 10% for all input parameters. 

The acquired results show that the ANNs can be trained for the prediction of condensation heat 

transfer coefficient with a reasonable accuracy for different conditions. 

The RBF neural network model predicting capability is compared with universal correlations for 

condensation heat transfer. The RBF neural network model is superior to the highly reliable universal 

correlation by Kim and Mudawar at predicting the test data. The universal correlation by Kim and 

Mudawar in predicting the test data with an MAPE of 33.64%.  

The results show that the neural network technology can accurately predict the heat transfer 

coefficient during condensation in the tube under microgravity conditions, which can provide a useful 

reference for the design of space heat exchanger. 

References 

[1] LEE H, MUDAWAR I, HASAN M M. Experimental and theoretical investigation of annular flow 

condensation in microgravity [J]. International Journal of Heat and Mass Transfer, 2013, 61: 293–309. 

[2] AZZOLIN M, BORTOLIN S, LAVIEILLE P, et al. Experimental investigation of in-tube condensation 

in microgravity [J]. International Communications in Heat and Mass Transfer, 2018, 96: 69–79. 

[3] ENRICO D R, DAVIDE D C. Effect of Gravity During Condensation of R134a in a Circular Minichannel 

[J]. Microgravity Science Technology, 2011, 23 (Suppl1): S87–S97. 



 

 

68 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 7, 2021 

DOI: 10.6919/ICJE.202107_7(7).0008 

[4] WEN J, GU X, LIU Y C, et al. Effect of surface tension, gravity and turbulence on condensation patterns 

of R1234ze(E) in horizontal mini/macro-channels [J]. International Journal of Heat and Mass Transfer, 

2018, 125: 153–170. 

[5] GU X, WEN J, TIAN J, et al. Numerical study on condensation annular flow of R1234ze(E) inside an 

inclined tube [J]. Applied Thermal Engineering, 2019, 163, 114359. 

[6] LEI Y C, CHEN Z Q, SHI J. Analysis of Condensation Heat Transfer Performance in Curved Triangle 
Microchannels Based on the Volume of Fluid Method [J]. Microgravity Science and Technology, 2017, 

29: 433–443. 

[7] GU X, WEN J, TIAN J, et al. Role of gravity in condensation flow of R1234ze(E) inside horizontal 

mini/macro-channels [J]. Experimental and Computational Multiphase Flow, 2019: 219–229. 

[8] KIM S M, MUDAWAR I. Universal approach to predicting saturated flow boiling heat transfer in mini/ 

micro-channels–Part II. Two-phase heat transfer coefficient [J].Heat Mass Transfer,2013,64:1239–1256. 

[9] KOYAMA S, KUWAHARA K, NAKASHITA K, YAMAMOTO K. An experimental study on 

condensation of refrigerant R134a in a multi-port extruded tube [J]. Refrigeration, 2003, 24: 425–432. 

[10] WANG W W, RADCLIFF T D, CHRISTENSEN R N. A condensation heat transfer correlation for 

millimeter -scale tubing with flow regime transition [J]. Experimental Thermal and Fluid Science, 2002, 

26: 473–485. 

[11] DOBSON M K, CHATO J C. Condensation in smooth horizontal tubes [J]. Heat Transfer, 1998, 120: 

193–213. 

[12] AZIZI S, AHMADLOO E. Prediction of heat transfer coefficient during condensation of R134a in inclined 

tubes using artificial neural network [J]. Applied Thermal Engineering, 2016, 106: 203–210. 

[13] KIM S M, MUDAWAR I. Universal approach to predicting saturated flow boiling heat transfer in mini/ 

micro-channels–Part II. Two-phase heat transfer coefficient [J]. Heat Mass Transfer, 2013, 64: 1239–1256. 

[14] QIU Y, GARG DEEPAK, ZHOU L W, et al. An artificial neural network model to predict mini/micro-

channels saturated flow boiling heat transfer coefficient based on universal consolidated data [J]. 

International Journal of Heat and Mass Transfer, 2020, 149. 

[15] D. Svozil, V. Kvasnička, J. Pospíchal. Introduction to multi-layer feed-forward neural networks [J]. 

Chemometrics and Intelligent Laboratory Systems, 1997, 39: 43–62. 

[16] XU L Y, HE J, DUAN S H, et al. Comparison of machine learning algorithms for concentration detection 

and prediction of formaldehyde based on electronic nose [J]. Sensor Review, 2016, 36 (2): 207–216. 

[17] KUO R J, TENG Y S, CHEN Z Y. Integration of fuzzy neural network and artificial immune system-
based back-propagation neural network for sales forecasting using qualitative and quantitative data [J]. 

Journal of Intelligent Manufacturing, 2016, 27 (6): 1191–1207. 

[18] HAN H G, LU W, HOU Y, QIAO J F. An adaptive-PSO-based self-organizing RBF neural network [J]. 

IEEE Transactions on Neural Networks and Learning Systems, 2018, 29 (1): 104–117. 

[19] G. James, D. Witten, T. Hastie, R. Tibshirani. An Introduction to Statistical Learning [J]. Springer, 2013. 

 

Nomenclature 

C coefficient in Lockhart–Martinelli parameter Greek Symbols 

cp specific heat at constant pressure μ dynamic viscosity 

Dh hydraulic diameter v kinematic viscosity 

f Fanning friction factor ρ density 

G mass velocity σ surface tension 

h heat transfer coefficient ϕ two-phase multiplier 

Pr Prandtl number Subscripts 

Re Reynolds number f saturated liquid 

Su Suratman number fo liquid only 

T temperature g saturated vaporsaturated vapor 

x thermodynamic equilibrium quality go vapor only 

X Lockhart–Martinelli parameter tp two-phase 

N number of data points tt turbulent liquid–turbulent vapor 

k thermal conductivity sat saturation 

 


