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Abstract: The thermal conductivity of refrigerants is needed to optimize and design the main
components of HVAC&R systems. Consequently, it is crucial to have reliable models that are
able to accurately calculate the temperature and pressure dependence of the thermal conductivity of
refrigerants. For the first time, this study presents a neural network specifically developed to calculate
the liquid thermal conductivity of various low-GWP-based refrigerants. In detail, a feed-forward
network algorithm with 5 input parameters (i.e., the reduced temperature, the critical pressure, the
acentric factor, the molecular weight, and the reduced pressure) and 1 hidden layer was applied
to a large dataset of 3404 experimental points for 7 halogenated alkene refrigerants. The results
provided by the neural network algorithm were very satisfactory, achieving an absolute average
relative deviation of 0.389% with a maximum absolute relative deviation of 6.074% over the entire
dataset. In addition, the neural network ensured lower deviations between the experimental and
calculated data than that produced using different literature models, proving its accuracy for the
liquid thermal conductivity of the studied refrigerants.

Keywords: HFO; thermal conductivity; ANN; multi-layers perceptron; k-fold cross-validation

1. Introduction

Since environmental constraints and regulations [1,2] aim to limit the production
and utilization of several high-global warming potential (GWP) refrigerants, worldwide
research is underway to find low-GWP alternatives, known as “fourth generation” refrig-
erants [3]. Currently, few low-GWP synthetic working fluids, mainly hydrofluoroolefins
(HFOs) and hydrochlorofluoroolefins (HCFOs), have been identified as refrigerants hav-
ing appropriate safety, environmental, and thermodynamic characteristics for different
HVAC&R applications [4–7]. However, since a limited number of measurements for their
thermodynamic and transport properties are available in the literature, it is necessary to
develop models that estimate the properties of the potential low-GWP alternatives with
sufficient accuracy.

Among the transport properties of refrigerants, thermal conductivity (λ) is crucial for
optimizing and designing the heat exchangers used in the HVAC&R systems. Due to the
lack of enough measurements for this crucial property, several models have been developed
to describe the temperature and pressure dependence of the thermal conductivity of refrig-
erants in the vapor and liquid phases. Since the thermal conductivity of liquid refrigerants
currently cannot be accurately estimated using rigorous theory [8], various semi-empirical
and empirical models for calculating their liquid λ were developed. Some of the main mod-
els are as follows: extended corresponding states models used in REFPROP 10.0 [9]; models
based on the entropy-scaling concept [10–13]; models based on equations of state [14,15];
semi-empirical correlations that describe the λ dependence on temperature [16–18]; and
empirical equations that present specific fixed parameters [19–23].
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In addition, complex models based on artificial neural networks (ANNs) were also
proposed for calculating the λ of refrigerants [24–26]. In fact, since ANNs are powerful
tools that have shown the ability to accurately address complex and non-linear problems
in different scientific fields [27,28], ANNs have been widely used to ensure very reliable
descriptions of the thermophysical properties of several families of fluids. Some examples
are as follows: the thermal conductivity of alkanes, ketones, and silanes [29], the surface
tension of alcohols [30], and the viscosity of fatty acid esters [31].

Some literature models have been specifically developed to describe the liquid thermal
conductivity of low-GWP refrigerants, such as HFOs and HCFOs [13,16,22,23,26]. For
example, modified versions of the Di Nicola et al. [19] correlation and the Latini and
Sotte [18] correlation to calculate their liquid thermal conductivity dependence on tempera-
ture and pressure were proposed by Tomassetti et al. [22]. The modified Di Nicola et al. [21]
correlation has the following expression:

λL

λ0
=

⌊
aTr + bpc + cω+

(
1
M

)d
⌋[

1 +
(

f0 + fTr
2
)

pr
g
]

(1)

where λL is the liquid thermal conductivity in W m−1 K−1, Tr = T Tc
−1 is the reduced

temperature, Tc is the critical temperature in K, pr = p pc
−1 is the reduced pressure, pc

is the critical pressure in bar, ω is the acentric factor, and M is the molecular mass in kg
kmol−1. The following values of the coefficients λ0, a, b, c, d, f 0, f, and g were obtained from
the regression of the experimental λL data for six refrigerants: λ0 = 0.43693 W m−1 K−1,
a = −0.28725, b = 0.00372 bar−1, c = 0.26967, d = 0.36436, f 0 = −0.00135, f = 0.05484, and
g = 0.88049. The results showed that the new version of the Di Nicola et al. [21] correlation
provided a more accurate description of λL for the studied refrigerants than the modified
Latini and Sotte [20] correlation, ensuring an average absolute relative deviation of 1.45%
for the complete dataset.

Liu et al. [16] developed a simple semi-empirical correlation based on the Modified
Enskog Theory model to represent the λL of 14 refrigerants, including HFOs and HCFOs,
defined as:

λL = λ0b′ρ
(

1
b′ρ g(σ)

+ A + b′ρ g(σ)
)

(2)

where λ0 is the dilute gas thermal conductivity (calculated using the rigorous kinetic theory
formulae in the original work), ρ is the molar density in mol m−3, b′ is the covolume in
m3, g(σ) is the radial distribution function, σ is a characteristic distance parameter between
colliding molecules, and A is a modified cross contribution term that has a specific value
for each fluid. The values of b′ρ g(σ) were obtained from the Peng Robison equation of
state. It was found that the presented model generally produced better results than the
analyzed literature models.

Simple correlations to describe the temperature dependence of λL of HFOs and HCFOs
were recently proposed by Rykov and Kudryavtsev [23]. One was developed to consider
the different behavior of λL near the critical point and has the following form:

λL = λ0

(
C1 + C2τ+ C3τ

2 + C4τ
−χ
)

(3)

where χ = 0.62 is the critical index of heat conductivity, C1 = 0.0441183554, C2 = 0.0362984013,
C3 = 0.08788343, and C4 = −0.00115567 are regressed coefficients, and τ = 1 − Tr. Instead,
λ0 is the critical unit, defined as:

λ0 =
pc

M1/5Tc1/5Gu3 + 1.75 ω2.4 (4)

where Gu = Tc Tb
−1 is the Gulberg number, Tb is the normal boiling point temperature,

and ω is the acentric factor. Compared to other literature models, the present correlations
generally ensured lower deviations between the calculated and experimental data.
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Finally, Wang et al. [26] developed an ANN model for the thermal conductivity of
different refrigerants, including three HFOs. The architecture of the proposed feed-forward
ANN model consists of one input layer with four input variables (M, Tr, pr,ω), one output
layer with one neuron (λ), and one hidden-layer with eight neurons. The calculated
thermal conductivity values showed a good agreement with the experimental data, giving
an average absolute relative deviation of 1.00% for the complete dataset.

This work presents a new neural network that has been specifically developed to pre-
dict the liquid thermal conductivity of various low-GWP synthetic alternative refrigerants
for HVAC&R applications. The proposed ANN can describe the liquid thermal conductiv-
ity in large temperature and pressure ranges since it was trained on a large experimental
dataset for seven alternative refrigerants. After explaining the neural network’s nature,
the feed-forward network architecture developed for the studied refrigerants is reported
together with the obtained results.

2. Data Analysis

The experimental dataset of λL for low-GWP refrigerants reported by Tomassetti et al. [22]
was updated by collecting experimental data presented recently in the literature. This updated
dataset was determined by following the same procedure used in the previous study. After the
literature survey, a critical fluid-by-fluid analysis and selection of the collected experimental
values were carried out. In particular, the experimental data clearly beyond the common trend
were rejected together with the measurements performed at reduced temperatures higher
than 0.9.

A dataset of 3404 experimental λL data for 7 halogenated alkene refrigerants was
defined from the selection procedure. Details for the dataset are reported in Table 1.
Figure 1 depicts the behaviors of the experimental data as a function of Tr and Pr. This
figure shows that λL of the analyzed refrigerants decreases with increasing temperature and
increases with increasing pressure, although its effect is limited up to moderate pressures.
In addition, Table 1 and Figure 1 show that the selected λL data were measured over wide
ranges of liquid thermal conductivity, temperature, and pressure. The physical properties
of the refrigerants used in this work are reported in Table 2, together with the references of
the property sources.

Table 1. Summary of the experimental liquid thermal conductivity data for low-GWP refrigerants
studied in this work.

Refrigerant Number
of Data

T Range
K

P Range
MPa

λL Range
W m−1 K−1 Source

R1224yd(Z) 53 316.25–376.37 1.00–4.07 0.05379–0.06979 [32]
R1233zd(E) 1132 203.56–393.22 0.18–66.62 0.05719–0.11991 [33,34]

R1234yf 267 241.92–324.00 0.44–21.64 0.05607–0.09158 [35,36]
R1234ze(E) 494 203.18–343.31 0.31–23.32 0.05893–0.11727 [35–37]
R1234ze(Z) 61 a 283.54–374.24 0.10–4.01 0.06520–0.09457 [38]

R1336mzz(E) 118 253.68–353.51 0.03–4.06 0.05610–0.08160 [39,40]
R1336mzz(Z) 1279 191.58–399.42 0.05–68.52 0.05294–0.11810 [41,42]

a In 2019, 40 experimental data were provided by Prof. Miyara through private communication.

Table 2. Physical properties for the studied alternative refrigerants.

Refrigerant M
kg kmol−1

Tb
K

Tc
K

pc
MPa ω Source

R1224yd(Z) 148.487 287.77 428.69 a 3.33 a 0.3220 [43]
R1233zd(E) 130.496 291.41 439.60 3.62 0.3025 [44]

R1234yf 114.042 243.67 367.85 3.38 0.2760 [44]
R1234ze(E) 114.042 254.18 382.51 3.63 0.3130 [45]
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Table 2. Cont.

Refrigerant M
kg kmol−1

Tb
K

Tc
K

pc
MPa ω Source

R1234ze(Z) 114.042 282.88 423.27 3.53 0.3274 [46]
R1336mzz(E) 164.056 280.58 403.37 2.77 0.4053 [47]
R1336mzz(Z) 164.056 306.55 444.50 2.90 b 0.3867 [48]

a Value given in [49]. b Value given in [42].
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3. Artificial Neural Network

Neural networks, also known as artificial neural networks (ANNs) or simulated neural
networks (SNNs), are the core element of deep learning algorithms [50]. Their name and
structure are inspired by the human brain, emulating how biological neurons send signals
to each other [51]. ANNs are composed of layers of nodes comprising an input layer, one or
more hidden layers, and an output layer [52]. Each node, or artificial neuron, is connected
to other nodes and has associated weights and thresholds. A neural network can be thought
of as a series of connections where information flows from input neurons to output neurons.
A group of different neurons that have the same depth within the network is called a layer.
Each node has as inputs real numbers that are modified by the weights of each connection;
therefore, each neuron that has N inputs is represented in this way:

z = ∑k
i=1 wi · xi + bi (5)

where wi are the weights of each xi that is n-th input and bi is the bias. In fact, once a
neuron receives inputs from all the other connected neurons, a constant value, known as
bias, must be added to the calculation involving the mentioned neuron. The bias is also a
factor that is modified during training, together with the weights of the inputs.

A neural network can accurately model a problem, such as predicting the thermal
conductivity, because of the adjustment of weights and bias for each neuron until the
network approaches an acceptable solution. The final output is obtained by processing the
neural network using an activation function, which is used to map the inputs to the output.
The activation function (h) helps an ANN to learn complex relationships and patterns in
the data and is defined as:

h = f (z) = f
(
∑k

i=1 wi · xi + bi

)
(6)

The choice of the activation function is one of the most critical aspects of network
training. There are several types of activation functions including:

• The threshold function has a simple mechanism; the function returns 1 when the
weighted sum of the input signals is greater than or equal to zero and 0 in the remaining
cases. It is useful if a binary output signal is needed.

• The rectified linear unit is a widely used activator function. It returns 0 if the weighted
sum of the input signals is less than or equal to zero, and ∑N

i=1 wixi in the other cases.
• The hyperbolic tangent is useful for non-linear problems and has the following form:

Tanh(x) =
e2x − 1
e2x + 1

(7)

In this function, the codomain ranges from −1 to +1.
• The sigmoid is very similar to the hyperbolic tangent, but it differs in the simple fact

that its codomain ranges from 0 to +1:

∑(x) =
1

1 + e−x (8)

A multilevel network has a much higher approximation capability than a single-level
network; with enough hidden units, a multilevel network can represent any continuous
function over the domain of the input variables. By stacking several layers, so that the
output of one layer is given as the input to another, we obtain the multilayer perceptron
(MLP) architecture. An MLP neural network is characterized by several layers of nodes
connected as a directed graph between the input and output layers. In general, we can
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imagine our neural network as a black box that, given certain inputs (x), produces outputs
(y), which are estimations of the data used for its training:

y = g(x, θ) (9)

where θ is the set of values provided by the network. The network uses specific training
data to train itself and to attempt to minimize errors between these data and the output
data. The model’s error estimation is completed using the so-called loss functions that
estimate the error committed by the network. One of the most widely used loss functions
is the root mean square error (RMSE):

RMSE =
√

∑N
i=1(ŷi − g(xi − θ))2 (10)

where ŷi is the output calculated using the network (biases and weights). The values of the
parameters, i.e., the weights and biases, are updated using the backpropagation algorithm
that involves two phases: one that proceeds forward and one that proceeds backward. The
forward-propagating phase presents a sample to the neural network, compares it with the
actual output, and calculates the error. The backward-propagating phase propagates the
error back into the ANN by adjusting the weights. When the network has processed the
entire training dataset, there is a learning epoch; the backpropagation algorithm can be
stopped when the error becomes sufficiently small. In essence, training a neural network
means recursively changing parameters that are initially assigned randomly and adjusted
each time there is a new learning epoch.

Overfitting, i.e., a network can predict the data used for the training very well but fails
to generalize, is one of the most common problems when training neural networks. Several
techniques to overcome this flaw have been proposed, including breaking the database into
several parts called a training set, validation set, and test set. The training set corresponds
to data used exclusively in the training phase of the model. Using these data, the model
will learn the relationships between our x (the input variables) and y (the output). The
validation set is for the network to check the goodness of the results. Its name comes from
the fact that it deals with validating the results obtained in the training set. If the ANN
performance was poor, we would have to change the model’s hyperparameters and start
again with the training process until satisfactory results for the validation set are obtained.
Finally, the test set is completely outside the network’s training process and allows us to
evaluate the estimated prediction capability of the network itself. Once the model can
perform successfully on all the sets, especially the validation set, it is possible to test the
neural network on other data that were not used in the model’s training.

Another technique used to detect the possible overfitting of the model is K-fold cross-
validation. In fact, this technique ensures that the model accuracy is not related to the
method used to choose the test or training dataset. In the K-fold cross-validation, the
complete dataset is divided into K subsets, which are all used as the test set in different
training processes of the network.

4. Experimental Settings and Results

A simple ANN with five input parameters and only one hidden layer was chosen
to calculate the thermal conductivity of liquid low-GWP refrigerants. It has the same
input parameters of Equation (1), developed to describe λL of alternative refrigerants:
reduced temperature (Tr), critical pressure (Pc (bar)), acentric factor (ω), molecular weight
(M

(
kg

kmol

)
) and reduced pressure (Pr). Since all the selected λL data are positive, and to

account for the nonlinearity of the model, a sigmoid was chosen as the activation function.
In this study, to avoid overfitting the proposed network, we chose to split the entire

dataset as follows: the training set comprised 80% of the data, the validation set contained
10%, and the remaining 10% was used for the test set. Table 1 details the number of points.
Another way to avoid overfitting is by using a network with few neurons with a lean and
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non-rigid architecture. For this reason, it was chosen to design a network with only 1
hidden layer and 19 neurons. As shown in Figure 2, the ANN with 19 neurons ensured
excellent results, which are summarized in Table 3. The same table reports additional
statistical parameters that characterize the various datasets. The average absolute relative
deviation (AARD%), maximum absolute relative deviation (MARD%), and root mean
square error (RMSE) were compared:

AARD% =
100
N ∑N

i=1

∣∣∣∣∣λ
exp
i − λcalc

i

λ
exp
i

∣∣∣∣∣ (11)

MARD% = Max

(
100
N ∑N

i=1

∣∣∣∣∣λ
exp
i − λcalc

i

λ
exp
i

∣∣∣∣∣
)

(12)

RMSE =

√
1
N ∑N

i=1 (λ
Calc. − λExp)

2 (13)
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Table 3. Statistical parameters for the individual datasets including the training set, validation set,
test set, and the entire dataset.

Data Set Point N. AARD% MARD% RMSE

Training set 2723 0.390 6.074 0.0005
Validation Set 340 0.396 4.945 0.0005

Test Set 341 0.375 4.598 0.0005
Overall 3404 0.389 2.070 0.0003

As evident in Table 3, all statistical values are aligned, confirming the goodness of the
proposed network, which manages to model the thermal conductivity of alternative liquid
refrigerants accurately. In particular, the ANN provided very low deviations over the entire
database, reaching an AARD% of 0.389%. It is also important to note that the deviations of
the test set are aligned with those of the other sets, confirming the prediction capability of
the network and the low overfitting tendency. In fact, the test set has an AARD% of 0.375%
with a MARD% of 4.598%, in line with the deviations of all other datasets.

Moreover, the K-fold cross-validation technique was used after dividing the dataset
into 4 subsets. The model used the first subset in the first iteration to test the model, while
the remaining dataset was used to train the model. The second subset helped to test the
model, and the other subsets supported the training process. The same procedure was
repeated until the test set used every subset. The results are shown in Table 4, in which
all the deviations are in line, and there are no particular critical issues in either the test or
validation sets.
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Table 4. Performance of the ANN using a 4-fold cross-validation procedure.

Model Training Set
Point N.

Test Set
Point N.

Training Set
AARD%

RMSE

Test Set
AARD%

RMSE

Cross Validation 1 2553 851 0.557
0.0007

0.643
0.0022

Cross Validation 2 2553 851 0.904
0.0011

0.853
0.0026

Cross Validation 3 2553 851 0.354
0.0004

0.932
0.0032

Cross Validation 4 2553 851 0.417
0.0005

1.087
0.0032

Table 5 shows the AARD% per fluid. Again, homogeneity in the results can be
observed. The fluid with the largest deviation is R1336mzz(E), with an AARD% of 1.223%
and a MARD% of 5.499%. Figure 3 shows the experimental and calculated conductivity of
R1336mzz(E) fluid and the relative deviations. It is evident that the network can accurately
reproduce the behavior of liquid thermal conductivity of this refrigerant as a function of
the temperature. However, higher deviations can be seen at some specific temperatures.
From an in-depth analysis of the results, it was found that this outcome could be due to the
different temperature and pressure behaviors of the experimental point provided by the
two sources [39,40] presenting λL data for R1336mzz(E).

Table 5. Average absolute relative and maximum absolute relative deviations between the exper-
imental λL data of the studied refrigerants and the calculations provided by the proposed neural
network, Equation (1) and REFPROP 10.0.

Fluid Name N. of
Points

This Work Equation (1) REFPROP 10.0

AARD% MARD% AARD% MARD% AARD% MARD%

R1224yd(Z) 53 0.451 1.299 3.041 5.896 6.365 8.861
R1233zd(E) 1132 0.260 1.545 1.155 3.930 0.337 1.584

R1234yf 267 0.290 1.163 1.446 7.242 0.303 1.557
R1234ze(E) 494 0.251 2.235 1.634 5.941 0.336 2.041
R1234ze(Z) 61 0.560 1.574 1.771 5.080 1.775 5.705

R1336mzz(E) 118 1.223 5.499 6.456 13.197 - -
R1336mzz(Z) 1279 0.490 6.074 4.120 19.018 9.390 13.84

Overall 3404 0.389 - 2.585 - 3.82 -

However, the behavior of the entire network is very satisfactory, as can also be seen
in Figure 4 where an excellent agreement of the computed points with respect to the
experimental data is evident. Furthermore, Figure 4 shows that for the training, validation,
and test datasets, the behavior of the network is always close to the bisector of the first and
third quadrants, demonstrating the good performance of the network architecture.

The deviations provided using the proposed neural network were compared with
that given using Equation (1) and the models used in REFPROP 10.0. The results of these
models are also reported in Table 5. The results for R1336mmz(E) provided by REFPROP
10.0 are not reported in this table since a model to calculate its thermal conductivity is
currently not available in the software. This table shows that the proposed ANN ensured
the lowest AARD% for all the studied low-GWP refrigerants, while REFPROP 10.0 gave the
highest overall AARD% for the complete dataset. This outcome is due to high deviations
obtained for R1224yd(Z) and R1336mzz(Z), for which preliminary models for thermal
conductivity are available in the software. Instead, REFPROP 10.0 ensured accurate results
for the other selected fluids. Despite its simplicity, Equation (1) generally provided good
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results. As expected, this correlation gave higher deviations for R1336mmz(E) since its λL
data were not used in the regression of the coefficients.
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A direct comparison between the results of the neural network and that of
Equations (2) and (3) is not presented since it was not possible to compare the complete
dataset with the calculations of the two models. In fact, Equation (2) needs the density as
an input, but this property is not available for some of the studied refrigerants. Instead,
Equation (3) can be used only to calculate λL along the saturation line.

Finally, it is not trivial to directly compare the results of the neural network presented
in this work and that of Wang et al. [26] since they were developed using a different dataset.
However, it is worth noting that, for the three common HFOs, i.e., R1234yf, R1234ze(E),
and R1336mzz(Z), the presented ANN ensured better results than that of the literature
model. The ANN of Wang et al. [26] provided the following AARD%: 1.63% for R1234yf,
4.33% for R1234ze(E), and 0.62% for R1336mzz(Z).

5. Conclusions

In this paper, a feed-forward network was used to describe the liquid thermal con-
ductivity of low-GWP refrigerants. Specifically, the network was trained on a database of
3404 experimental data, achieving excellent results using the entire database. The absolute
average relative deviation reached 0.389%, with a maximum absolute relative deviation of
6.074% on the whole dataset. Different methodologies, such as splitting the dataset into
different subsets and the K-fold cross-validation technique, were implemented to avoid
problems of overfitting and non-predictability of the network. In all cases, it was seen
that the network succeeds with an excellent predictive rate on new thermal conductivity
points. Moreover, a comparison was made with models from the literature to evaluate
the goodness of the algorithm. It was found that the network ensured better results when
compared with the following techniques to estimate the liquid thermal conductivity avail-
able in the literature: the correlation proposed by Tomassetti et al. [22] and the models
used in REFPROP 10.0 [9]. The correlation gave an absolute average relative deviation
of 2.585% for the complete dataset. Instead, the software provided an absolute average
relative deviation of 3.820% for six refrigerants. Finally, it is worth remarking that the
proposed neural network is more complex than many correlations available in the literature;
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therefore, it should be used only when high accuracy is required. In addition, it is not
ensured that the proposed network could provide accurate values for the liquid thermal
conductivity of low-GWP refrigerants that were not considered in its development.
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