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Abstract

A key problem faced in the design of heat exchangers, especially for cryogenic 

applications, is the determination of convective heat transfer coefficients in two-phase flow 

such as condensation and boiling of non-azeotropic refrigerant mixtures. This paper

proposes and evaluates three models for estimating the convective coefficient during

boiling. These models are developed using computational intelligence techniques. The 

performance of the proposed models is evaluated using the mean relative error (mre), and 

compared to two existing models: the modified Granryd’s correlation and the Silver-Bell-

Ghaly method. The three proposed models are distinguished by their architecture. The first 

is based on directly measured parameters (DMP-ANN), the second is based on equivalent 

Reynolds and Prandtl numbers (eq-ANN), and the third on effective Reynolds and Prandtl 

numbers (eff-ANN). 

The results demonstrate that the proposed artificial neural network (ANN)-based 

approaches greatly outperform available methodologies. While Granryd's correlation 

predicts experimental data within a mean relative error mre=44% and the S-B-G method 

produces mre=42%, DMP-ANN has mre=7.4% and eff-ANN has mre=3.9%. Considering 

that eff-ANN has the lowest mean relative error (one tenth of previously available 

methodologies) and the broadest range of applicability, it is recommended for future 

calculations. Implementation is straightforward within a variety of platforms and the 

matrices with the ANN weights are given in the appendix for efficient programming. 

Keywords: heat transfer coefficient; boiling; heat exchangers, cryogenics; artificial 

intelligence.



Nomenclature

Greek symbols

A Area

Cp Specific heat

D Diameter

G Mass flux

h Convective heat transfer coefficient

i Enthalpy

k Thermal conductivity

LMTD Logarithmic mean temperature difference

mre Mean relative error

MW Molecular weight

Nu Nusselt number

P Pressure

Pr Prandtl number

�̇ Heat flux

Re Reynolds number

T Temperature

U Global heat transfer coefficient

x Quality

w Weights of the ANN

 ANN input vector



Subscripts

 ANN output

ε Linear accumulation

 Actual weights of the ANN

θ Number of neurons in the hidden layer

� Dynamic viscosity

ρ Density

dew Dew point

eff Effective

eq Equivalent

k Target neuron

l Liquid phase

v Vapor phase



1. Introduction  

Liquefaction enables effective storage and worldwide distribution of natural gas without the 

need for capital intensive pipelines. Research on this important topic is therefore well 

warranted [1] as natural gas liquefaction is an energy intensive process.

Liquefaction is typically conducted in thermodynamic cycles based on vapor compression 

technology. In the search for energy performance improvements, different modifications 

have been proposed to the basic vapor compression system, and three main approaches are 

available for natural gas liquefaction: isentropic expansion based processes, cascade 

processes, and mixed refrigerant processes (MR). The MR process uses a non-azeotropic 

mixture of nitrogen, ethane, propane, butane and pentane as refrigerant. Some technologies 

based on mixed refrigerants are: single mixed refrigerant process (SMR) and mixed 

refrigerant with propane pre-cooling (C3/MR).

Condensation and boiling heat transfer of mixed refrigerant systems are critical to the 

performance of MR liquefaction units, as this will determine heat exchanger dimensions 

and system performance. Many factors affect MR heat transfer including inlet and outlet 

stream temperatures, operating pressures, mass flow rates, as well as the molecular 

composition of the refrigerant and natural gas. In this sense, the literature shows the 

complexity that this represents because of the presence of a large number of degrees of 

freedom that are involved in the sizing of a liquefaction plant [2]. 

Aside from system complexity, estimation of convection heat transfer coefficients has been 

a challenge due to the lack of experimental data in forced convective boiling and 

condensation of N2-hydrocarbon mixtures in liquefaction applications. For instance, Nellis 

et al. [3] reported experimental data on heat transfer coefficients for mixed refrigerants in a 



Joule-Thomson cryocooler. They reported heat transfer coefficients for six boiling mixtures 

with different molar compositions and operating conditions. Ardhapurkar et al. [4] used 

their results to test four available boiling heat transfer coefficient correlations. The results 

show that the correlations proposed by Silver-Bell-Ghaly (S-B-G) and Granryd were

suitable to estimate local heat transfer coefficients, although Granryd’s correlation was

modified to improve accuracy. The same authors [5] also measured single phase, boiling 

and condensation global heat transfer coefficients for a helically coiled tube-in-tube heat 

exchanger working with three N2-Hydrocarbon mixtures, and estimated local heat transfer 

coefficients with the Dittus–Boelter correlation for single phase, and the modified Granryd 

correlation for boiling.

Careful review of the literature reveals a lack of experimental and empirical correlations for 

mixed refrigerant boiling heat transfer, limiting potential for accurate design and sizing of 

heat exchangers. The difficulty in analyzing boiling of these mixtures has been reported by 

some authors. For instance, Stephan [6] summarized some physical models available for the 

estimation of the convective coefficient. Two important features are highlighted after 

reviewing these models; first, they are based on physical principles, which require great 

computational effort, and second, they have applicability to phase change of binary, 

ternary, and multi-component mixtures. However, for practical purposes, researchers 

mostly use semi-empirical correlations, avoiding the rigorous physical principles involved 

in heat transfer with phase change. For instance, Celata et al. [7] published a review of 

empirical and physical methods as a tool to predict the convective coefficient for boiling of 

binary mixtures. Within the available computational models, empirical models have the 

advantage of simplicity, contrary to physical models. In addition, some of these empirical 

models involve physical principles to enable extrapolation. 



In recent years, Artificial Neural Networks (ANN) have been used in the field of transport 

phenomena as a computational tool to develop empirical or semi-empirical models. 

Particularly in transport phenomena, it is worth mentioning the investigation of Sobowale 

[8], who simultaneously analyzed heat and mass transfer using an ANN to predict the 

convective coefficients. Tan et al. [9] developed an ANN for predicting the overall heat 

transfer rate in compact heat exchangers with water/ethylene glycol anti-freeze mixtures as 

working fluid and no phase change. Tahavvor and Yaghoubi [10] used ANN techniques to 

determine natural convection heat transfer and fluid flow around a cooled horizontal 

circular cylinder with constant wall temperature. Varol et al. [11] developed an ANN model 

to predict natural convection heat transfer in a triangular enclosure. They did not use 

experimental information, instead, their study was based on numerical analysis. Tahavvor 

et al. [12] also modeled natural convection using ANNs. They considered natural 

convection on a cold horizontal circular cylinder with constant wall temperature. The 

authors used numerical results for neural network training. Scalabrin and Piazza [13]

applied ANNs to forced convection by analyzing carbon dioxide flowing inside a heated 

tube at supercritical conditions. The model results showed good agreement with 

experimental information. This model can be considered as semi-empirical because the 

input variables include the Reynolds, Prandtl, and Eckert numbers. Balcilar et al. [14] used 

several methods based on artificial intelligence to select the best approach for the prediction 

of heat transfer coefficient and pressure drop in the condensing flow of R134a. They 

concluded that the model with the best agreement with experimental data was the 

multilayer perceptron model with thirteen neurons in the hidden layer. Their model can be 

classified as empirical because the inputs were directly measured variables such as: mass 

flux, heat flux, and the difference between the tube wall temperature and the saturation 



temperature. Another ANN-based empirical model was proposed by Romero-Mendez [15]. 

The model predicts the convective heat transfer coefficient associated with the evaporation 

of a refrigerant inside of mini-tubes. The input variables were: saturation temperature, mass 

flow rate and heat flux. Thus, it is important to select an appropriate architecture for the 

model when computational intelligence techniques are used.

This paper proposes three models to estimate the convective heat transfer coefficients

during boiling of a multi-component mixture including: nitrogen, methane, ethane, propane 

and iso-penthane. Since this type of mixture typically boils at cryogenic temperatures, the 

models have applicability to the sizing of evaporators for natural gas liquefaction plants. 

The three proposed models are obtained using artificial neural networks, and therefore they 

are based on computational intelligence. Note that this type of modeling techniques can be 

extended to the field of two-phase flow, mass and heat transfer, as well as in the field of 

low temperature technologies such as cryogenics and liquefaction.

The first proposed model is based on directly measured parameters (DMP-ANN) and its

inputs are: local quality, local temperature, operating pressure, mass flux and molecular 

weight. The second model is based on the equivalent Reynolds and Prandtl numbers (eq-

ANN) and its inputs are: local quality, equivalent Reynolds number, equivalent Prandtl 

number and molecular weight. The third model is based on the effective Reynolds and 

Prandtl numbers (eff-ANN) and its inputs are: local quality, effective Reynolds number, 

effective Prandtl number and molecular weight. The paper ends with a model validation vs.

experimental data not used in the ANN development.

2. Model based on Artificial Neural Networks



Computational models based on artificial intelligence are sophisticated techniques capable 

of modeling extremely complex processes in diverse areas including pattern recognition, 

optimization, simulation, and prediction, among others. ANNs are nonlinear systems 

inspired in biological organisms. Next, a brief review of ANN fundamentals, architecture 

and operation is presented. For more information, the reader may consult standard 

references [16,17].

The ANNs used in this paper are feed-forward networks and are organized in clusters of 

neurons. Each neuron has a weighted connection with all neurons in the neighbor cluster, 

this connection is represented by a variable called weight (w). Figure 1 shows the structure 

proposed in this study for the first ANN model. In this case, the model is based on directly 

measured parameters (DMP-ANN) and the inputs of this model are: local quality, local 

temperature, operating pressure, mass flux and molecular weight. The output of this model

is the convective heat transfer coefficient. The second model (eq-ANN) and the third model 

(eff-ANN) are very similar to the first model, however, they have four inputs instead of 

five.



Figure 1. Diagram of the DMP-ANN model.

The network in Figure 1 is considered a black box model because it can be analyzed in 

terms of its inputs and outputs without any knowledge of its internal workings. However, if 

all the inputs are directly obtained from measurements, the ANN is deemed purely 

empirical. Otherwise, if all inputs are associated to physical principles, the ANN is semi-

empirical.

Figure 2 shows the k-neuron of an ANN and M represents the number of neurons located in 

the previous layer. Each neuron combines information by means of a linear accumulation, 

and then, uses an activation function to produce its output. This function basically executes 

a nonlinear transformation between the neuron inputs and its output. The activation

function used in this paper is defined as: g(εk)=tanh(1.5 εk). The 1.5 factor in this function 

has previously been studied, see [18]. The activation function is a very important 

component of a neuron because it makes the model insensitive to noise.
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Figure 2. Behavior of an individual artificial neuron.

In biological systems, the learning is stored in neuronal interconnections called synapses. 

As an analogy, the learning in this computational model is stored in the ANN weights. In 

Figure 2 each line has an assigned weight (w) which acts as a weighting factor as shown in

Eq. 1.
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In this equation, ε is the argument of the activation function. In the proposed model, the 

training process is responsible for adjusting the weights w, and it requires a data set with 

input values (), and a target value ('). After the training process is completed, an input 

vector () is presented to the network and the ANN produces an output value (). If ' is 

close to  for each case, then the learning is considered successful and therefore the 

performance of the model is acceptable. 

An error estimator can be used for determining ANN performance. One typical estimator is

the mean relative error, mre, which is computed using the actual network output (), and 

the target value (') as:
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The number of samples used to estimate the mre is N. Other error estimators can be 

employed to evaluate the network performance; such as the mean squared error, or the root 

mean squared error, however, mre was chosen because it offers suitable information for this 

type of application. The next section discusses the experimental details necessary to justify 

the data set employed for the network development.

3. Experimental information

The experimental information used for development of the ANN models is reported by 

Nellis et al. [3]. These authors conducted an experimental investigation of forced boiling 

heat transfer for nitrogen-hydrocarbon mixtures. The publication described a test facility 

capable of making precise measurements of boiling heat transfer coefficient for a mixed gas 

working fluid in a microtube at cryogenic temperatures. A vapor mixture with controlled 

temperature, pressure, mass flux, and composition was introduced into a tube with constant 

wall temperature and a controlled heating rate. Inlet temperature, outlet temperature and 

heating power measurements can then be used to calculate the heat transfer coefficient from 

an energy balance, as indicated by the following equation:

q U LMTD  (3)

Table 1 shows information from the six experiments performed by Nellis et al. [3]. These 

experiments include a range of different operating parameters: mixture composition, 

temperature, mass flux, and pressure. The mixtures for experiments A and B include 

nitrogen, methane, ethane and propane. Other experiments use: nitrogen, methane, ethane, 



propane and iso-butane. The operating pressure for experiments A, B and C was higher 

than for experiments D, E, and F.

Table 1. Experimental conditions for boiling heat transfer experiments from Nellis et al. 

[3].

Operating 
condition

Experiment
A B C D E F

Molar 
composition, 
N2\CH4\C2H6\
C3H8\iC4H10:

23.3\37\
6.8\32.9\

0.0

20.4\38.3\
5.4\35.8\

0.0

7.4\49.4\
18.4\17.8\

7.0

6.9\50.9\
19.1\16.8\

6.4

26\38.7\
5.4\26.1\

3.8

24.1\40.1\
5.7\26.3\

4.0

Mass flux,
G[kg m-2 s-1]:

840.5 803.9 767.4 529.9 547.8 255.8

Heat flux,
�̇[kW m-2]:

79.5 79.4 82.7 83.4 82.9 82.9

Pressure, 
P[kPa]:

1365 1439 1424 394 470 434

As our method is based on ANNs, it is necessary to organize the experimental 

measurements in a data set. Thus, in order to obtain the data sets to train the ANNs of the 

models proposed in this paper, the plots of Nellis et al. [3] were used. Simple Interactive 

Object Extraction was used to extract the experimental measurements from the figures, note 

that this process required little user interaction, see [19]. After applying the extraction 

algorithm, the data samples from each experiment were merged into a global data set with 

approximately 1500 samples that includes all information for experiments A-F. 

4. Methodology 

Once the data set was built, it was split in two: the training set and the validation set. Both 

sets were stored in digital files for further processing. In this case, it was observed that the 

percentage rate that provided the best results was 85% of the total data for training, and the 

remaining 15% for validation. Consequently, each digital file was randomly divided to



create these two files. The computer simulations in this study were performed using the 

Neural Lab software [20].

It is important in ANN models, whether physical, semi-empirical or empirical, to define the 

dependent and independent variables. Variables that characterize the fluid and determine 

the flow can be clearly identified as the independent variables, for instance: quality, 

temperature, pressure, mass flux and molecular weight. However, the literature shows that 

the association of these variables produces some dimensionless numbers. For instance, the 

Nusselt number relates fluid convective and conductive effects, therefore, the convective 

coefficient appears in Nusselt's mathematical definition, and consequently the Nusselt 

number is a dependent variable. The independent variables are related to the measurable 

data, these are: quality (x), Reynolds number (equivalent Reeq and effective Reeff), Prandtl 

number (the equivalent Preq and the effective Preff) and molecular weight (MW). Reynolds 

number relates the flow inertial and viscous effects. Prandtl number relates the thermal 

diffusivity with the viscous diffusivity. With this in mind, three models are proposed in this

investigation: DMP-ANN, eq-ANN and eff-ANN. These models are represented with the 

following mathematical expressions:

 , , , ,h f x T P G MW (4)

 ,Re ,Pr ,eq eqNu f x MW (5)

 ,Re ,Pr ,eff effNu f x MW (6)

where the effective Reynolds, Prandtl and Nusselt numbers are defined as 

Reeff=xRev+Rel(1-x), Preff=xPrv+Prl(1-x), Nu=hD/kl, respectively. These dimensionless 

numbers are obtained at liquid and vapor phases. On the other hand, the equivalent 

Reynolds (Reeq), equivalent Prandtl (Preq) and Nusselt (Nu) numbers are calculated with 



effective properties; ξeff =xξv+ξl(1-x), where ξ represents any transport property that defines

the dimensionless numbers as follows: /eq effRe GD  , ( )/eq effPr Cp k . The Nusselt

number for both topologies, Eq. (5) and Eq. (6), is defined as: Nu=hD/kl. Liquid and vapor 

properties are computed using the REFPROP software [21], and the final black box model 

is presented in Figure 3. It is important to remark that the three ANN architectures are

determined by using all data from experiments A-F. Each of the three models is therefore 

capable of estimating the convective coefficient (h) or the Nusselt number (Nu) for any of 

the six experiments. 

Figure 3. Black box model proposed for the three proposed ANN models.

The internal architecture of the ANN model must be determined using a supervised training 

method. In this case, two-step training is used. This method consists of a Simulated 

Annealing step followed by a refining step using the Levenberg Marquardt method. These 

algorithms and their parameters are presented in Table 2.

x, T, P, G, MW

x, Re  , Pr  , MW

x, Re  , Pr  , MW

eq eq

eff eff

DMP-ANN
Model

eq-ANN
Model

eff-ANN
Model

h

Nu
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Table 2. Algorithm parameters used for the training step.

Simulated annealing Levenberg Marquardt

Initial temperature=30

Final temperature=0.1

Number of temperatures=100

Number of iterations per temperature=100

Cooling schedule=linear

Iterations=1000

mse goal=10-5

Simulated Annealing is a technique inspired in the annealing process from metallurgy and

it involves controlled heating and cooling of a material [22]. Thus, a substance begins at an 

initial temperature, and then it is cooled down (linearly or exponentially) until it reaches a 

final temperature using a specific number of temperatures. The algorithm performs a 

sequence of iterations at each temperature. In some cases, the algorithm can perform cycles 

of heating and cooling. These parameters are adjusted to obtain a desired accuracy. This 

paper, applies a hybrid method using Simulated Annealing and the Levenberg Marquardt 

method to train the artificial neural network. Simulated Annealing produces an initial

solution, and the Levenberg Marquardt method improves the solution found by Simulated 

Annealing.

The results of this paper are compared with those of Ardhapurkar et al. [4]. These authors

verified the applicability of several correlations available in the literature for the prediction 

of the convective coefficient for flow boiling of N2-Hydrocarbons mixtures. They

recommended the modified Granryd’s correlation and the Silver-Bell-Ghaly (S-B-G)

method as most suitable to estimate the local heat transfer coefficients. These two models 



are analyzed to compare their results with the computed values using the three models

proposed in this work. For clarity, the modified Granryd’s correlation is included: 

(1 A)l

h Fp

h




(7)

where Fp= 2.37(0.29 + 1 ���⁄ )�.�� and ��� is the Martinelli parameter presented in Eq. 8.
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1 v v

tt

l l

x

x

 

 

    
      

     
(8)

Likewise, ℎ� is calculated from the correlations of the pure fluids using the properties of the 

mixture through Eq. 9. 

 
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0.40 .0 2 3 1 P rl
l l
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k G D
h x

D 

  
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   

(9)

And finally, parameter A is obtained with Eq. 10: 

  
0.8 0.4

1
2 1 Pr

Pr
v l l

v
P

l v v

F p x k hA x C p
TC x k





                               

(10)

In this expression, C is a factor that considers the interface effects between vapor and 

liquid, and C=2 is recommended for the evaporation of refrigerants. The modified 

Granryd’s correlation suggests C=1.4, if G>500 kg m-2 s-1, and C=2 if G<300 kg m-2 s-1.

For the S-B-G method, the heat transfer coefficient is given by:

1 1

l v

Z

h h h
 

(11)

where hl represents the convective coefficient calculated from Eq. 9, hv is calculated by 

Dittus-Boelter equation as follows (using the properties of the vapor phase):

0.8 0.40.023 Re Prv
v v v

k
h

D

 
  

 

(12)



Parameter Z is the ratio of the sensible cooling of the vapor to the total cooling rate. It can 

be obtained by:

dew
v

dT
Z xC p

di


(13)

where the derivative is the slope of the curve Tdew vs. enthalpy of the mixture as it boils.

5. Results and Discussion

Once the model strategy has been presented, it should be developed and discussed. Since 

there is no specific methodology to choose the number of neurons necessary at hidden 

layer, a simple program was designed and implemented to compute it. The program starts 

by creating a neural network with zero neurons in the hidden layer (θ=0), the network is 

trained with the hybrid scheme previously described, and the mre for validation is 

computed. The program keeps increasing θ from 0 to 20. Figure 4 shows mre (Eq. 2) as a 

function of the number of neurons in the hidden layer, for the DMP-ANN model, see Eq. 4. 

The expression in Eq. 4 suggests that the independent variables are the directly measured 

parameters. 
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Figure 4. Mean relative error (mre) as a function of the number of neurons in the hidden 

layer, for the DMP-ANN model.

From Figure 4, it can be observed that for zero neurons in the hidden layer, both the 

training mre and the validation mre are about 26%. As the number of neurons in the hidden 

layer θ increases, the mre for training and validation decreases. However, little 

improvement is obtained for θ>10. Therefore, it is recommended to use 10 neurons in the 

hidden layer for the DMP-ANN model. Note that this number of neurons provides an 

accuracy of 4% for training and 4.5% for validation. Note that the error for validation is 

computed without using the data used for training.

The same procedure is used for the eq-ANN model (Eq. 5). Figure 5 shows the behavior of 

mre when the number of neurons in the hidden layer increases. For θ=0, training and 

validation mre are approximately 27% and 24%. Also, it can be observed that twelve 

neurons in the hidden layer provides 6.5% mre for training and 8% for validation. This 

number was selected for model evaluation to maintain simplicity and to better reproduce 

the full weight matrix in Appendix A.



Figure 5. Mean relative error (mre) as a function of the number of neurons in the hidden 

layer, for the eq-ANN model.

Finally, Figure 6 presents the results from eff-ANN (Eq. 6). At the beginning of the 

simulation, both training and validation mre are close to 27%. The optimum number of 

neurons in the hidden layer (14) can be obtained from inspection of Figure 6. For this 

number of hidden neurons, the mre is 3.5% for training and 4% for validation.
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Figure 6. Mean relative error (mre) as a function of the number of neurons in the hidden 

layer, for the eff-ANN model.

Table 3 summarizes the recommended architectures for the estimation of the convective 

heat transfer coefficient. 

Table 3. Recommended architectures for the proposed models.

Number of neurons mre [%]
Input layer Hidden layer Output layer Training Validation

DMP-ANN 5 10 1 4 4.5
eq-ANN 4 12 1 6.5 8
eff-ANN 4 14 1 3.5 4

5.1 Comparison of the proposed models with existing models

Once the optimum architecture for each model has been established, the next step is to 

provide a performance comparison. This comparison includes the three models proposed in 

this work and two previously demonstrated techniques: the modified Granryd’s correlation

and the S-B-G method. It is important to mention that the simulations in this work were

performed using the recommended architecture of Table 3.
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Figure 7 shows a comparison for the convective heat transfer coefficients for experiment A, 

(Table 1). This figure shows results from the three proposed methods, the modified 

Granryd’s correlation and the S-B-G method, and experimental data. Observe that the lines 

in Figure 7 were computed using all experimental data.

Figure 7. Comparison between experimental and model results for convective heat transfer 

coefficients for Experiment A.

In Figures 7-12, experimental results are shown in black crosses, DMP-ANN results in dark 

green line with circles, eq-ANN in light green line with triangles, eff-ANN in olive color 

line with horizontal arrow heads, Grandryd’s results in dark blue line with vertical arrow 

heads; and S-B-G results in a red line with squares. 

From Figure 7, it can be observed that the Grandryd’s correlation and the S-B-G method 

predict somewhat similar behavior for the convective heat transfer coefficient when the 

local quality changes from zero to one. However, these methods exhibit some significant 

deviations when compared with experimental data, with mre=66% for Grandryd and 

mre=60% for S-B-G. Largest deviations occur for qualities between 0.8 to 0.95, near the 

end of the boiling process. Figure 7 also reveals that the three proposed models have very 
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similar behavior to the experimental data. The DMP-ANN model is based on directly 

measured parameters and shows mre of 5.5%. The eq-ANN model resulted in mre=6%, 

note that this model presented a slight discrepancy from the experimental data for local 

quality in the range from 0.9 to 1. An improvement in the estimations of the heat transfer 

coefficient is obtained through the eff-ANN model, in this case, the resulting mre is only 

3.5%. Thus, it can be concluded that the proposed models provide much better accuracy 

than existing models.

Figure 8 shows a performance comparison for experiment B. The Grandryd correlation and 

the S-B-G method present considerable deviation from the experimental data, with 

Grandryd’s mre=67% and S-B-G’s mre=87%. The major relative deviation for both models 

occurs when the local quality is over 0.8. Better estimates are once again obtained from the

ANN models. The DMP-ANN model, which is based on directly measured parameters 

presents mre=9.8%. The eq-ANN model, which is based on the equivalent Reynolds and 

Prandtl numbers produces mre=8.9%. The eff-ANN model based on effective Reynolds and 

Prandtl numbers results in mre=5.7%.

Figure 8. Comparison between experimental and model results for convective heat transfer 
coefficient for Experiment B.
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Figure 9 compares results from experiment C with predictions from the three proposed 

models, the Grandryd’s correlation and the S-B-G method. The figure shows that the three 

proposed ANN-based models closely predict experimental data, with low mre=8.7%

(DMP-ANN), 3.7% (eq-ANN), and 2.5% (eff-ANN). On the other hand, Grandryd’s 

correlation and the S-B-G method present larger relative deviations of 41.3% and 33.6%.

According to Table 1, mass flux, heat flux and pressure did not present significant 

variations for experiments A, B and C, however, composition is different, since experiment 

C contains less nitrogen and more propane. It can be concluded that the mre reported by 

Grandryd's correlation and S-B-G method are highly sensitive to changes in composition; 

while the proposed ANN models yield similar mre despite the change in composition.

Figure 9. Comparison between experimental and model results for convective heat transfer 

coefficient for Experiment C.

Table 1 shows that experiments A, B and C were carried out at high pressure, while 
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Grandryd’s correlation (mre 25.8%) and the S-B-G method (mre 15.6%). The DMP-ANN 

model, the eq-ANN model and the eff-ANN model presented mre=4.9%, 3.9% and 1.9%.

In the five models, the trend of the graphs agrees with experimental data, however, the 

Grandryd’s correlation and the S-B-G method present large deviations for local quality in 

the range from 0 to 0.5.

Figure 10. Comparison between experimental and model results for convective heat transfer 
coefficient for Experiment D.

From the model evaluation for experiment E (Figure 11), it is observed that the Grandryd’s

correlation and the S-B-G method present large deviations from experimental data, with 

relative errors mre=42.5% and 30.5%. It is important to note that the S-B-G method 

presents significant deviation throughout the boiling process, while the Grandryd’s

correlation deviates most near the end of the boiling process, for local quality greater than 

0.9. As in previous cases, proposed ANN models show better agreement, with DMP-ANN 

mre=5.6%, eff-ANN mre=5.9%, and eq-ANN mre=8.2%. Some divergence can be seen in 

Figure 11 between the eq-ANN and the experiment for qualities in the range 0.25 to 0.45, 

while no major deviations are observed for the DMP-ANN or eff-ANN models.
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Figure 11. Comparison between experimental and model results for convective heat transfer 

coefficient for Experiment E.

Finally, the results of experiment F are reported in Figure 12. The models with the largest 

relative deviations are: the Grandryd’s correlation, the S-B-G method and the eq-ANN 

model, reporting mre values of: 25%, 42.5%, and 14.3%. Similar to Experiment E, the eq-

ANN model presents significant deviations for intermediate values of quality, while the 

DMP-ANN model, with mre=11.8%, and the eff-ANN model, with mre=8.7%, are most 

successful at replicating experimental data. 
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Figure 12. Comparison between experimental and model results for convective heat transfer 
coefficient for Experiment F.

It can be observed that the proposed models present significant improvements in the 

prediction of the convective heat transfer coefficient. In particular, eff-ANN produces the 

best predictions, with the lowest mean relative error mre=3.9%.  DMP-ANN is second best 

with mre=7.4%. From Table 3, it can be seen that these models have very similar number 

of neurons in the three layers. 

The proposed models can be easily implemented within existing programming languages 

and computing platforms. Appendix A presents the values for the ANN weights (δ) and the 

algorithm to compute the heat transfer coefficient using the proposed models. It is 

important to mention that the ranges of the parameters represented by the input layer 

neurons are: local quality (0-1), operating pressure (394-1439 kPa), local temperature 

(93.64-276.05 K), mass flux (257-844 kgm-2s-1), and molecular weight (26.19-29.30

kgkmol-1). It is observed that there is a good distribution of experimental data through the 

ranges of local quality, temperature, and molecular weight, allowing the DMP-ANN model 

to learn information corresponding to the behavior in these areas. However, this is not the 

case for pressure, since of the six experiments, three were done at high pressure and three at 
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low pressure, and there are no data at intermediate pressures. Caution should therefore be 

exercised when using the DMP-ANN outside the two pressure ranges: 1365-1439 kPa and

394-470 kPa. In the same way, the DMP-ANN model should be used within the ranges of 

local quality, temperature and molecular weight that were used for training. On the other 

hand, the eff-ANN model has fourteen neurons in the hidden layer and extends its range of 

applicability by having as input the effective Reynolds and Prandtl numbers. For this 

model, the output neuron corresponds to the Nusselt number for local quality between 0 

and 1, effective Reynolds number from 2.22E03 to 7.88E04, effective Prandtl number from 

0.79 to 1.82, and molecular weight from 26.19 to 29.30 kgkmol-1. 

5.2 Applicability of eff-ANN model to other mixtures

This section compares results from the eff-ANN model vs. experimental data not used in 

the training step. The eff-ANN model is selected because it is the most accurate (mre=3.9% 

for the six experiments). 

Experimental results from Barraza et al. [23] are selected for comparison because they 

include three experiments that fall within the applicability range shown in Table 3A 

(Appendix A). Details of the experimental information are shown in Table 4.

Table 4. Experimental conditions for boiling heat transfer experiments from Barraza et al. 

[23].

Operating condition
Experiment

G H I
Molar composition, 

N2\CH4\C2H6\C3H8:
40\27\21\12 20\36\28\16 40\27\21\12

Mass flux,
G [kg m-2 s-1]:

144 147 147

Heat flux,
�̇ [kW m-2]:

57 58 58

Pressure, P [kPa]: 786 791 790



It can be noticed that there are several differences between the experiments in Tables 3 and

4. The main differences between them are the molar composition and the absence or 

presence of isobutene.  Other differences include: lower mass flux, lower heat flux, and

intermediate pressure in experiments G-I vs. the pressures used in experiments A-F.

However, when calculating the effective-Reynolds, effective-Prandtl and molecular weight, 

these values are within the eff-ANN applicability range (according to table A3, see 

appendix A).

Figure 13 shows experimental vs. calculated convective heat transfer coefficient for 

experiments G (black), H (red) and I (blue). Experimental results are shown with crosses 

and eff-ANN results with solid lines. The values for mre are: 12%, 14% and 7% for 

experiments G, H and I. Average heat transfer coefficients for experiment G are: 2.69 

kWm-2K-1 measured vs. 2.55 kWm-2K-1 numerical (mre = 5.2%); for experiment H: 3.02 

kWm-2K-1 measured vs. 3.01 kWm-2K-1 numerical (mre = 0.33%), and for experiment I: 

2.88 kWm-2K-1 measured vs. 2.69 kWm-2K-1 numerical (mre = 6.59%), with a global 

average mre=3% for experiments G-I. On the other hand, the average heat transfer 

coefficients obtained for the eff-ANN model are: 2.55 kWm-2K-1 (mre = 5.2%), 3.01 

kWm2K-1 (mre = 0.33%), and 2.69 kWm-2K-1 (mre = 6.59%), for experiments G, H and I, 

respectively. Model accuracy is therefore maintained beyond the data set used for ANN 

development, showing promise toward broad applicability.



Figure 13. Comparison between experimental and model results for convective heat transfer 
coefficient for experiments G, H and I.

6. Conclusions

This paper describes the development of three empirical models for predicting boiling heat 

transfer coefficients for N2-hydrocarbon mixtures at cryogenic conditions using 

computational intelligence techniques. The models are developed with data from six 

experiments previously published in the literature and tested vs. three additional 

experiments. The performance of the three proposed models was compared with two 

existing approaches: Grandryd’s correlation and the S-B-G method.

The three proposed models are characterized by a set of input variables obtained from 

experimentation. The DMP-ANN model is based on directly measured parameters and it is 

the simplest architecture. This model is, however, limited to two relatively narrow pressure 

ranges: 394-470 kPa and 1365-1439 kPa. The eff-ANN model is based on the effective 

Reynolds and Prandtl numbers and can be used over broad variable ranges: local quality

between 0 and 1, effective Reynolds number between 2.22E03 and 7.88E04, effective 

Prandtl number between 0.79 and 1.82, and molecular weight between 26.19 and 29.30

kgkmol-1.
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The results demonstrate that the proposed ANN-based approaches greatly outperform 

available methodologies. While Granryd's correlation predicts experimental data within a 

mean relative error mre=44% and the S-B-G method produces mre=42%, DMP-ANN has 

mre=7.4% and eff-ANN has mre=3.9%. Considering that eff-ANN has the lowest mean 

relative error (one tenth of existing models) and the broadest range of applicability, it is 

recommended for future calculations. The validity of eff-ANN was further tested by 

comparison with three additional experiments not used in eff-ANN development. Heat 

transfer coefficients for these experiments were once again well predicted with mre=11% 

for local heat transfer and 3% for average heat transfer. Model implementation is 

straightforward within a variety of platforms and the matrices with the ANN weights are 

given in the appendix for efficient programming.
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Appendix A

This appendix presents the basis methodology to implement the proposed algorithm in any

programming language. This methodology is independent of the architecture of the neural 

network. The first step is selecting one of the three developed architectures. The second 

step is creating a vector associated with the chosen architecture and the physical conditions 

necessary for estimating the convective heat transfer coefficient. For the DMP-ANN model, 

the vector is composed of the following information: quality, temperature, pressure, mass 

flux and molecular weight. For the eq-ANN model, the vector is composed of: quality, 

equivalent Reynolds (Reeq), equivalent Prandtl (Preq), and molecular weight. These

numbers are calculated with effective properties; ξeff =xξv+ξl(1-x), where ξ represents any 

transport property that defines the dimensionless numbers as follows: /eq effRe GD  , 

( )/eq effPr Cp k . For the eff-ANN model, the vector is composed of: quality, effective 

Reynolds (Reeff), effective Prandtl (Preff), and molecular weight. These numbers are defined 

as Reeff=xRev+Rel(1-x), Preff=xPrv+Prl(1-x). The subscripts v and l are obtained at liquid 

and vapor phases.



Once the architecture is selected and its corresponding vector input is created, the third step 

is identifying the maximum and minimum values of the inputs and outputs for the chosen

configuration. Table 1A, 2A and 3A present these values for the DMP-ANN, eq-ANN and 

eff-ANN models. The main purpose of this step is normalizing the all input values to the 

range -1 to 1, i.e., the minimum input value must be mapped to -1 and the maximum to 1.

Similarly, the output values, commonly known as target values, must be scaled to the range 

from -0.9 to 0.9 [16].

Table 1A. Limiting values of the input variables and output parameters for the DPM-ANN

model.

Quality
[-]

Pressure 
[kPa]

Local 
temperature

[K]

Mass flux
[kgm-2s-1]

Molecular 
weight

[kgkmol-1]

Heat transfer 
coefficient
[kWm-2K-1]

Minimum 
limit

0 394 93.64 2.57E02 26.19 1.776

Maximum
limit

1 1439 276.06 8.44E02 29.30 15.730

Table 2A. Limiting values of the input variables and output parameters for the eq-ANN

model.

Quality
[-]

Equivalent
Reynolds

number [-]

Equivalent
Prandtl

number [-]

Molecular 
weight

[kgkmol-1]

Nusselt number
[-]

Minimum 
limit

0 2.22E03 0.79 26.19 7.48

Maximum
limit

1 7.46E04 2.90 29.30 77.24

Table 3A. Limiting values of the input variables and output parameters for the eff-ANN

model.

Quality
[-]

Effective
Reynolds

Effective
Prandtl

Molecular 
weight

Nusselt number
[-]



number [-] number [-] [kgkmol-1]
Minimum 

limit
0 2.22E03 0.79 26.19 7.48

Maximum
limit

1 7.88E04 1.82 29.30 77.24

The fourth step consists of executing the following matrix operation:

   2 11.5 1.5 ;1 ;1tanh tanh           
(1A)

Where δ is the weight matrix defined at the end of this appendix for the three models, these 

matrices represent the weights of the hidden and output layers. Thus, these matrices were 

computed during the training step of the ANN. Likewise, Ф is a column vector that 

represents the normalized scaled inputs obtained in step three. In Eq. 1A, the semicolon 

represents the addition of a row, whose element is a vector with ones (this vector represents 

the input typically known as BIAS). The output of this equation is represented by σ and has 

a value between -0.9 to 0.9; therefore, the third step is to scale this value back to the 

domain of the corresponding output, in this case, the minimum and maximum values of the 

Nusselt number or the convective coefficient (depending on the network chosen in the first 

step). The evaluation of Eq. 1A can be performed using any software that supports vector 

operations, such as: Matlab, Neural Lab, Software-R, Microsoft Excel, etc.  

For the DMP-ANN model, the matrices δ1 and δ2 are defined as:



1

0.59140 0.07399 0.06893 0.12848 0.03115 1.37423

1.29867 0.88545 1.85121 2.70831 5.03427 1.21363

9.41699 0.04050 5.19773 1.44787 1.72570 4.74123

4.02992 3.87909 0.27248 2.82836 2.08628 0.70505

2.04763 2.54915 2


 



 

   

  



  .90319 1.01828 1.41025 2.4751

9.20554 3.01382 1.93570 0.6932 4.94957 11.2157

10.5255 4.91713 0.84483 6.83200 2.33582 2.9644

1.59610 3.38629 1.04636 1.61590 3.71274 3.6505

2.10514 4.26096 5.63363 3.95239 4.68736

 

  

  

   

   5.2999

1.23133 1.33686 0.54627 3.76812 0.99325 3.2288

 
 
 
 
 
 
 
 
 


   


 
 
 
 
  




2 4.46799 0.044580 0.90162 0.43075 1.68845 0.91160 ...

... 0.45977 1.68747 3.33005 0.32149 6.16379

      

   

For the eq-ANN model, the matrices δ1 and δ2 are defined as:

1

0.65026 1.16076 1.09086 3.31321 0.69582

1.93904 1.66230 0.51696 1.40964 1.44250

1.05303 2.11040 0.52918 1.22859 1.41290

1.11207 1.07960 2.94240 1.25355 0.77444

2.77537 1.77970 1.72808 1.36384 2.26014

1.44317


  



   

 

   




0.10365 0.56507 0.57131 0.42936

2.06820 1.82863 0.45875 2.53341 0.74027

0.99859 3.89480 0.63245 1.18776 0.98039

6.78296 6.21511 1.61528 2.34200 2.12333

0.31902 5.90821 0.71421 2.28270 7.02692

2.11925 0.10528 3.26467 0



 

 



  

 .25063 2.59801

6.28485 5.42689 1.53305 1.91737 2.17017

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


 








2 0.11987 0.51788 1.00603 0.08614 0.37208 0.85843 0.15079 ...

... 0.10561 2.37471 1.85821 2.01667 2.88516 4.13985

   

   



For the eff-ANN scheme, the matrices δ1 and δ2 are defined as:



1

3.44995 1.59721 3.26466 4.10155 6.05694

1.64313 1.08043 1.30051 2.74094 0.25049

1.29137 1.40011 1.28959 0.90959 2.38171

3.27904 1.75167 0.83503 0.57314 0.65348

0.27894 1.15111 0.51991 2.52208 1.96872

0.43887 2.6



  

  

  

 





4878 0.43180 0.08493 0.60518

1.92862 0.46487 0.21424 1.49685 0.01645

0.03832 2.14198 0.45289 0.04922 2.06448

0.38745 2.61082 2.31006 1.21979 1.12817

0.26273 2.84053 0.37332 0.63547 2.61472

0.48691 0.64478 0.36396

 

   

 

  



 1.01985 0.07839

0.66957 0.95126 2.45821 1.40772 0.86900

0.67090 1.21825 3.13382 2.19225 1.73345

1.06291 0.34953 1.21712 0.96194 1.43636

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


 




 
 



  




2 1.36257 0.52023 1.34565 0.38097 0.23220 0.056380 0.29958 1.80051 ...

... 0.25445 0.944894 0.896735 1.35839 2.26857 0.143925 2.13834

     

   


