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Abstract: Solid-state magnetocaloric-based magnetic refrigeration offers green and sustainable re-
frigeration with improved efficiency, compactness and environmental friendliness compared with
commercialized gas compression refrigeration systems. Relative cooling power (RCP) plays a sig-
nificant role in the candidature of any magnetic material refrigerants in this application, while the
tunable physical and magnetic properties of rare-earth-transition-metal-based materials strengthen
the potential of these materials to be used in a cooling system. This work develops single hidden layer
(SIL) extreme learning machine intelligent models for predicting the RCP of rare-earth-transition-
metal-based magnetocaloric compounds using elemental constituent ionic radii (IR) and maximum
magnetic entropy change (EC) descriptors. The developed model based on the sine (SN) activation
function with ionic radii (IR) descriptors (SN-SIL-IR) shows superior performance over the sigmoid
(SG) activation function-based model, represented as SG-SIL-IR, with performance improvements of
71.86% and 69.55% determined using the mean absolute error (MAE) and root mean square error
(RMSE), respectively, upon testing rare-earth-transition-metal-based magnetocaloric compounds.
The developed SN-SIL-IR further outperforms the SN-SIL-EC and SG-SIL-EC models which employed
maximum magnetic entropy change (EC) descriptors with improvements of 45.74% and 24.79%,
respectively, on the basis of MAE performance assessment parameters. Estimates of the developed
model agree well with the measured values. The dependence of the RCP on an applied magnetic field
for various classes of rare-earth-transition-metal-based magnetocaloric compounds is established
using a developed SN-SIL-IR model. The improved precision of the developed SN-SIL-IR model,
coupled with ease of its descriptors, will strengthen and facilitate the comprehensive exploration of
rare-earth-transition-metal-based magnetocaloric compounds for their practical implementation as
magnetic refrigerants for promoting a sustainable system of refrigeration that is known to be efficient
and environmentally friendly.

Keywords: rare-earth metal; dysprosium; single hidden layer network; relative cooling power;
extreme learning machine; ionic radii; applied magnetic field

1. Introduction

Green refrigeration systems based on the magnetocaloric effect have recently received
attention as novel and sustainable methods of meeting the globally increasing energy
demand [1-3]. This type of refrigeration system has the potential to replace and become a
substitute for present-day commercialized gas compression technology that has associated
disadvantages from the perspectives of efficiency and environmental friendliness [4—6].
Magnetic refrigeration technology is regarded as a future-generation system of refrigeration.
Additional advantages associated with this cooling system include high stability, energy-
saving ability, reliability, low noise and no pollution [2]. The magnetocaloric effect is a
thermodynamic property of magnetic material which can be intrinsically induced in the
presence of a varying magnetic field [7]. Among the substitutes for fossil fuel, hydrogen
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stands out as a source of renewable energy with wide application domain. The associated
challenges of temperature reduction from liquid nitrogen temperature (77 K) to hydrogen
liquefaction (20 K) still persist [8]. The conventional method of hydrogen liquefaction
requires helium gas as a refrigerant, while nitrogen is employed to pre-cool the hydrogen
gas. Hence, a temperature reduction is needed from that of nitrogen (~77 K) to that of
hydrogen (~20 K). The magnetic system of refrigeration is sustainable and addresses the
challenges associated with hydrogen liquefaction, storage and transport. However, the
requirement for sustainable magnetic refrigeration technology for hydrogen liquefaction
and other applications, aside from the possession of a large magnetocaloric effect, is a huge
relative cooling power (RCP). The RCP of a magnetic refrigerant measures and controls
the amount of heat transferable between cold and hot reservoirs [9]. The experimental
determination of RCP is laborious and costly, especially in applications in which high value
of RCP is desired. Easy and less-costly computational methods are highly significant for the
practical implementation of this sustainable cooling system. Research efforts focused on the
identification of potential magnetic materials with promising magnetocaloric effects and
RCP have led to the exploration of many compounds, such as manganite-based compounds,
Gd-based materials, spinel ferrites, Ni-Mn-based Heusler alloys and La-Fe-Si-based alloys,
among others [10-14]. Each of these materials has their associated disadvantages for
cooling applications. La-Fe-Si-based alloys and pure Gd-based compounds are commonly
utilized for magnetic refrigeration (with room temperature operation), while the cost of
these materials, coupled with poor mechanical properties, present major challenges [7].
Alloys based on dysprosium, a rare earth transition metal, have attracted attention due to
their remarkable magnetocaloric effect, rich physical properties, large associated magnetic
moment, relatively low cost and tunable relative cooling power. The RCP of dysprosium-
based magnetocaloric compounds is modeled in this work using an intelligent network
algorithm with a single hidden layer.

Magnetic materials with diverse functionalities have attracted attention lately due
to their potential for application in various domains [15]. Among these functional mag-
netic materials are Gd-based compounds, Ni-Mn-based Heusler alloys, manganite-based
compounds, La-Fe-Si-based alloys and spinel ferrites, among others [10-14]. Magnetic
properties, such as large magnetocaloric effects and a huge relative cooling power around
room temperature, are the controlling factors of importance when choosing magnetic ma-
terials for cooling applications [16]. Many rare-earth transition-metal-based intermetallic
magnetocaloric materials exhibit second-order magnetic phase transition where an elimina-
tion of thermal hysteresis accompanies phase transition and further translates to enhanced
magnetic properties [17,18]. The origin of magnetic properties of dysprosium-based mag-
netocaloric alloys can be attributed to the presence of huge magnetic moments emanating
from the incomplete occupation of 4f electron shells [19]. From an electronic structural
perspective, these intermetallic compounds combine 3d sub-lattices associated with transi-
tion metals with 4f sub-lattice rate earth ions [20]. This interesting electronic combination
results in the occurrence of excellent magnetic moments that offer them a place in magnetic
cooling technology [21]. The purpose of this work is to model the RCP of rare-earth-based
transition-metal magnetocaloric materials using a single hidden layer extreme learning
machine algorithm with ionic radii and maximum magnetic entropy change descriptors.
The proposed models in this work allow the quick and easy determination of the RCP
of rare-earth-based transition-metal magnetocaloric materials for sustainable magnetic
cooling refrigeration and circumvent the conventional laborious experimental procedures
of RCP measurement.

An extreme learning machine (ELM) is a type of neural network in which randomly
generated weights are assigned to the connections between the input and the hidden
layers [22,23]. The network consists of a single hidden layer (SIL) while the biases are
randomly assigned [24]. The training error is minimized through the empirical risk
minimization principle. These strategies accelerate the training process, making ELM
a compelling choice for applications where quick adaptation to complex input patterns is
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necessary [25-29]. Model weights (shown in Appendix A, Table A1) can be easily extracted
from the trained ELM algorithm, which promotes easy implementation on newly synthe-
sized dysprosium rare-earth transition metal-based magnetocaloric compounds. These
unique features of the ELM algorithm necessitate its implementation in modeling the rela-
tive cooling power of the dysprosium-based magnetocaloric effect in this work. Therefore,
ELM has several advantages over other machine learning algorithms, such as support
vector regression, random forest regression, and conventional neural networks [28,30,31].
In recent times, different machine learning techniques have been applied for magnetic
property predictions in magnetic cooling applications. Among these techniques are support
vector regression for manganite-based compounds [32], the ensemble method [33,34], and
the sensitivity linear learning-based method [35], among others [36,37]. The advantages of
ELM include a good generalization performance, quick learning speed, and low complexity.
Hence, the ELM algorithm is to be considered when efficiency and learning speed are
of significant interest. These unique features of the ELM algorithm necessitate its imple-
mentation in modeling the relative cooling power of dysprosium-based magnetocaloric
compounds in this work.

The generalization and predictive capacity of the developed models were assessed
through the computation of assessment parameters, which include the correlation coef-
ficient (CC), root mean square error (RMSE), and mean absolute error (MAE) for both
training and testing samples of dysprosium-based magnetocaloric compounds. The de-
veloped SN-SIL-IR model, which employs a sine (SN) activation function and ionic radii
(IR) descriptors, shows improved performance as compared with the SG-SIL-IR model,
which utilizes a sigmoid (SG) activation function. Using CC, MAE, and RMSE assess-
ment parameters, the SN-SIL-IR model performs better than the SG-SIL-IR model with
improvements of 140.32%, 71.86%, and 69.55%, respectively. Better performance is also
recorded for the developed SN-SIL-IR model over the SN-SIL-EC and SG-SIL-EC models,
which employ magnetic entropy change (EC) descriptors. The developed SN-SIL-IR model
outperforms the SN-SIL-EC model with improvements of 11.50%, 45.74%, and 55.13%
using CC, MAE, and RMSE metrics, respectively, on testing samples of dysprosium-based
magnetocaloric compounds.

The remaining manuscript is organized as follows. Section 2 describes and formulates
a single hidden layer extreme learning machine with a detailed mathematical background.
Data extraction patterns of the investigated dysprosium-based magnetocaloric compounds
are also presented in Section 2. The computational details of the simulation are described
in Section 2 of the manuscript. Outcomes of the modeling and simulation are presented in
Section 3 with the inclusion of performance comparisons. The results of the dependence
of relative cooling power on the applied magnetic field are described in Section 3 of the
manuscript, while conclusions are presented in Section 4 of the manuscript.

2. Mathematical Formulation and Computational Strategies

This section describes the mathematical formulation of the implemented single hid-
den layer extreme learning machine. The acquisition and extraction of modeling data
samples are contained in this section. The details of the computational methodology are
also included.

2.1. Formulation of Single Hidden Layer Extreme Learning Machine

Neural networks belong to a class of intelligent machine learning techniques with
variant architectures principally inspired by the structure of the human nervous system [38].
The network consists of layers, including the input, hidden, and output layers, with each
layer containing nodes or neurons connected to those in the subsequent layers. In a typical
neural network, each node has associated weights and biases that the model learns during
training. The weights are updated iteratively using backpropagation (BP) to optimize the
model’s error [39]. However, this process can be computationally intensive and dependent
on use-case-specific weight initialization, thus resulting in slow training time and poor
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model generalization. In response to these challenges, Huang introduced the extreme
learning machine (ELM) algorithm [23]. Specifically, random weight initialization for
the single hidden layer feedforward network (SLFN) was proposed [40]. These random
weights are left constant during the training phase, allowing ELM to achieve faster training
times and eliminating the local minima problem associated with error optimization. Due to
the randomization of biases and input weights in the ELM algorithm, a high complexity of
the hidden layer might be required, which hinders the robustness of the algorithm. The
implementation of a pseudo-random number generator (seeding) within the MATLAB
computing environment controls random weight and biases generations in this work,
potentially limiting hidden layer complexity. A network of extreme learning machines is
presented in Figure 1.

l

Input Hidden Output
Neurons Neurons Neurons

Figure 1. Extreme learning machine network architecture.

Typically, the output function of the SLEN can be generally represented as shown in
Equation (1) [23] for the relative cooling power v;(x) of dysprosium-based
magnetocaloric compounds.

I I
o(x) = Z%"gi(x) = Z%"G(wi, b;, x) 1

where the variables [ and 7; correspond to the number of nodes in the hidden layer and
the output weight of the ith hidden node, respectively. The descriptors of the model are
represented as x, while g(x) is the activation function, which is presented in Equation (2).

8i = G(wj, bj, x) = gi(w;-x + b;) 2)
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The ELM can be expressed in a unified mathematical form, as shown in
Equation (3) [41].
Hy; =V )

where H, 7;, V represent the hidden layer output matrix, weight vector, and target matrix
(containing the relative cooling power of dysprosium-based magnetocaloric compounds),
respectively. Matrix representations of H, v;,and V are, respectively, represented in
Equations (4)—(6) [42-44].

H= {h(xi) Eh(xN)} = [G(wh by, x1) -+ G(wy, by, x;) 122 G(wy, by, xn) -+ G(wy, by, xn) . (4)
7=[71T571T]l (5)
V= [vlT : v,{} (6)

Nxz

The output weight <y is determined by solving the system of matrices equation using
the Moore-Penrose matrix transformation defined by Equation (7).

y=H'V 7)

The activation functions that demonstrated better performance for relative cooling
power prediction are the sine and sigmoid functions. The mathematical expression of the
sigmoid function is presented in Equation (8), while the transformation of Equation (2)
after sigmoid function inclusion is presented in Equation (9).

g(x) = 8)

G(wi, bi, x) = + exp{—(w;-x +b;)} ?

2.2. Data Extraction and Acquisition

The relative cooling power of dysprosium-based magnetocaloric compounds is mod-
eled using a single hidden layer extreme learning machine with ionic radii as well as maxi-
mum magnetic entropy change descriptors. The modified chemical formula of dysprosium-
based magnetocaloric samples for model extraction and implementation is presented in
Equation (10). Experimentally measured values of relative cooling power employed for
model validation are extracted from the literature for different thirty-eight dysprosium-
based magnetocaloric compounds [8,45-49].

DyeXsNa (10)

where Dy, X and N, respectively, represent dysprosium metal, transition metal, and non-
metal, while ¢, § and « stand for their respective concentrations. On the basis of descriptors,
two different single hidden layer (SIL) extreme learning machine models have been de-
veloped. The SIL-IR based model employs the ionic radii of the elemental constituent, an
applied magnetic field, and elemental concentrations as descriptors, while the developed
SIL-EC models employ maximum magnetic entropy change (EC) and an applied magnetic
field as descriptors. The extracted data samples are analyzed statistically, and the statistical
results are presented in Table 1.
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Table 1. Statistical analysis of dysprosium-based magnetocaloric samples.

Parameter RCP (J/kg) EC(J/kg/K) Field(T) & X J N o

Mean 204.1542 7.9895 3.5526 1.9737 65.3947 1.6842 67.0395 1.2895
Maximum 625.5000 20.4000 5.0000 12.0000 94.0000 7.0000 109.0000  5.0000
Standard deviation 167.9782 4.6119 1.5888 2.4549 29.5750 1.5957 30.3850 0.9560
Minimum 6.0000 0.4000 1.0000 1.0000 0.0000 0.0000 0.0000 0.0000
Correlation coefficient ~ 1.0000 0.7889 0.5973 0.0279 —0.1367 —0.1342 —0.2553 —0.0534

The significance of the initially conducted statistical analysis is to provide compre-
hensive insights into the entire data sample. The averages of all the descriptors as well as
the measured relative cooling power provide insightful information regarding the overall
data sample contents and further guide in cases where over- or under-fitting is observed
during modeling, whereby the model returns mean values of the target for every input
descriptor. The maximum and minimum values of each of the constituents of the data sam-
ples are also computed so as to infer the data sample range. Standard deviation measures
consistencies in data samples, while the extent of linearity between the descriptors and
relative cooling power is controlled by the coefficient of correlation. All the descriptors in
the SIL-IR-based models show a negative correlation with relative cooling power except
for the applied magnetic field and dysprosium concentration, while all the descriptors
in the SIL-EC-based models show positive correlations with relative cooling power. The
proposed single hidden layer-based model has the potential to accurately approximate
the patterns and the link joining the descriptors with the relative cooling power due to its
strong mathematical strength in implementing the empirical principles of risk and error
minimization, random determination of input as well as bias weights, and utilization of the
Moore-Penrose inverse matrix for output weight computation. The obtained weights associ-
ated with each of the descriptors in the best model (SN-SIL-IR) are presented in Appendix A
(Table A1) for practical and future implementation in new samples of dysprosium-based
magnetocaloric compounds.

2.3. Computational Implementation of Single Hidden Layer Extreme Learning Machine Algorithm

The ELM-based models presented in this study were formulated and developed within
the computational framework of MATLAB (MATLAB, 2015a, 2015, MathWorks, Natick,
MA, USA). To ensure an equitable and uniform distribution of dysprosium-based mag-
netocaloric data samples between the training and testing phases of model development,
randomization of the descriptors and measured experimental relative cooling power of
the samples under investigation was conducted prior to the separation of data, following
a 4:1 ratio for training and testing samples, respectively. Effective randomization fur-
ther prevents possible over- or under-fitting. The purpose of this randomization was to
facilitate efficient computation by promoting an even distribution of dysprosium-based
magnetocaloric data samples across both modeling phases. The step-by-step procedures
for implementing the proposed ELM-based model are outlined as follows:

Step 1: Pseudo-random numbers, which govern the randomly generated biases and
the weights connecting the hidden and input layers, were initialized using the seeding
method in MATLAB.

Step 2: The hidden layer output matrix v = [y{ -+ 7] |
training dysprosium-based magnetocaloric data samples.

Step 3: The optimal activation function and its corresponding hidden nodes (within a
range between 1 and 100) were determined by sequential selection from a pool of functions,
including the sine function, hardlim function, sigmoid function, and triangular basis
function, among others.

Step 4: The computation of output weights was performed using the least squares
solution to the set of linear systems of equations generated.

1, Was computed using the
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Step 5: In order to evaluate and assess the model’s performance during the training
phase of the simulation, a testing set of dysprosium-based magnetocaloric data samples
was utilized. The performance of these models was assessed by employing three distinct
parameters for measuring their efficacy, namely MAE, RMSE, and CC.

Step 6: The best models were identified based on their possession of the lowest error
rates (MAE and RMSE) and the highest CC. In order to ease practical implementation of
the developed models, especially on newly synthesized dysprosium-based magnetocaloric
compounds, computed model weights are presented in Appendix A (Table A1). Figure 2
presents the computational strategies for the proposed ELM-based models.

No

max no. of hidden node
aftained or RSME =10

Model equation for

subsequent prediction

Model parameter with
least RSME is saved

Randomly determined input
[ weights and hidden biases

Yes——

h

computation of output matrix }(—@

»

1
(- a0 Separation (4:1) and
: \.ompu!ed OUtPL" - Testing set «—— randomization of
| weight matrix ! dataset

x T

Descriptors data

activation function and hidden

"|node with 1 to 100 selection range

Figure 2. Flow chart for the algorithm implementation of the SIL-based models.

3. Results and Discussion

The predicted values of relative cooling power for different classes of dysprosium-
based magnetocaloric compounds are presented in this section for four developed SIL-based
models. A comparison of the model’s performance is also presented. The dependence of
relative cooling power on the applied magnetic field is presented in this section.

3.1. Performance Assessment Parameters and Their Comparisons

The future estimation and generalization strength of the developed SIL-based models
was assessed and evaluated through the computation of correlation coefficient (CC), mean
absolute error (MAE), and root mean square error (RMSE) on both training and testing
samples of dysprosium-based magnetocaloric compounds. The coefficient of correlation
measures the degree of linear relationship between the measured RCP and the estimated
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values. The value of CC ranges between 0 and 1, while a 0 value indicates the absence of
correlation and a 1 value depicts the maximum possible correlation strength. The higher
the value of the correlation coefficient, the better the model. Conversely, errors (such as
MAE and RMSE) measure the deviation of the predicted RCP from the experimentally
measured values. Lower values of error correspond to a better model. Performance com-
parisons of the developed models in this work are depicted in Figure 3. The developed
SN-SIL-IR model with ionic radii-based descriptors and sine activation function shows
0.9962, 3.80 J/kg and 14.98 ] /kg values of CC (as shown in Figure 3a), MAE (as shown
in Figure 3b), and RMSE (as shown in Figure 3c), respectively, for training samples of
dysprosium-based magnetocaloric compounds, while 0.9462, 28.99 ] /kg, and 36.92 ] /kg
values were computed for the assessment parameters when evaluated on testing samples
of dysprosium-based magnetocaloric compounds. The SG-SIL-IR model developed using
the same descriptors as SN-SIL-IR but with a sigmoid activation function shows 0.0312,
149.42 J/kg, and 179.48 ] /kg values of CC, MAE, and RMSE, respectively, when com-
puted on training samples of dysprosium-based magnetocaloric compounds, while the
same model shows —0.3815, 103.05 J/kg and 121.23 J/kg values of CC (as shown in
Figure 3d), MAE (as shown in Figure 3e) and RMSE (as shown in Figure 3f), respectively,
when validated on testing samples of dysprosium-based magnetocaloric compounds. The
developed SN-SIL-EC model with a sine activation function and maximum magnetic
entropy change-based descriptors shows 0.8812, 56.59 J/kg, and 79.35 J/kg values of
CC, MAE, and RMSE assessment parameters, respectively, when computed using train-
ing samples of dysprosium-based magnetocaloric compounds, while the respective com-
puted values of these measures of future estimation parameters using testing samples of
dysprosium-based magnetocaloric compounds are 0.8374, 53.44 J /kg, and 82.28 ] /kg. The
SG-SIL-EC model employs the same set of descriptors as the SN-SIL-EC model, but the
sigmoid activation function shows 0.8278 (as shown in Figure 3a), 72.82 J/kg (as shown in
Figure 3b) and 94.16 J/kg (as shown in Figure 3c) values of CC, MAE, and RMSE for
training samples of dysprosium-based magnetocaloric compounds, while 0.9314 (as shown
in Figure 3d), 38. 55 J/kg (as shown in Figure 3e), and 72.96 ] /kg (as shown in Figure 3f)
were, respectively, obtained during validation with testing samples of dysprosium-based
magnetocaloric compounds.

sik-ir- (B) c
1.0000 = SN-SILAR » 1500000 | WSN-SILIR (© _ 200.0000 | MSN-SIL-IR
= W SN-SIL-EC <] W SN-SIL-EC o M SN-SIL-EC
=
g 0-8000 u SG-SIL-EC T 00000 | MSG-SILEC @ 150.0000 | m SG-SIL-EC
& 0.6000 | SG-SIL-IR e SG-SIL-IR < SG-SIL-IR
£ 2y S _100.0000
S 0.4000 & S 50.0000 T ¥
c © >
.S 0.2000 i £ = 50.0000
© ] 0.0000 - 3
"s 0.0000 — s : . E 0.0000
5 ) S Developed SIL based models (training 8 :
o Developed SIL based models (training phase) (3 Developed SIL based models (training
phase) phase)
d -SIL-| e
“ i ©) 1500000 | WSN-SILIR ® B SN-SIL-IR
.S. 1.0000 = SG-SIL.EC g SG-SIL-IR § 150:0000 SG-SIL-IR
E 0.5000 B SN-SIL-EC :‘:— 100.0000 | ™ SG-SIL-EC E 100.0000 W SG-SIL-EC
] g W SN-SIL-EC g - B SN-SIL-EC
S b S5
< 0.0000 & 50.0000 w ¥ 50.0000
2 3 s=
© 5 o
o -0.5000 2
e 2 0.0000 * ‘/ E 0.0000 -
S s 3 loped SIL based models (testi
Developed SiL based models (testing ] Developed SIL based models (testin &« Developed il based models (testing
phase) 2 P 4 phase)

phase)

Figure 3. Generalization capacity of developed SIL-based models using (a) training samples coeffi-
cient of correlation, (b) training samples mean absolute error, (c) training samples root mean square
error, (d) testing samples coefficient of correlation, (e) testing samples mean absolute error, (f) testing
samples root mean square error.
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For the performance comparison between the models on the basis of percentage
improvement, the developed SN-SIL-IR outperforms the SG-SIL-IR model with improve-
ments of 96.87%, 97.45%, and 91.65% using CC, MAE, and RMSE metrics, respectively, for
training samples of dysprosium-based magnetocaloric compounds, while improvements
of 140.32%, 71.86%, and 69.54% were, respectively, obtained when computed using test-
ing samples of dysprosium-based magnetocaloric compounds. Similarly, the developed
SN-SIL-IR further performs better than the SN-SIL-EC model using training samples of
dysprosium-based magnetocaloric compounds with improvements of 11.54% (for the CC
metric), 93.27% (using the MAE metric), and 81.11 (using the RMSE metric). For the testing
samples of dysprosium-based magnetocaloric compounds, the performance improvements
recorded were 11.50% (for the CC metric), 45.74 (for the MAE metric), and 55.13 (for the
RMSE metric). Superior performance was also recorded for the SN-SIL-IR model over
the SG-SIL-EC model with improvements of 16.90% (for the CC metric), 94.77% (for the
MAE metric), and 84.08% (for the RMSE metric) on training samples of dysprosium-based
magnetocaloric compounds. For the testing samples of dysprosium-based magnetocaloric
compounds, improvements of 1.56% (for the CC metric), 24.79% (for the MAE metric), and
49.40% (for the RMSE metric) were obtained. The developed SN-SIL-EC model shows
improved performance over the SG-SIL-IR model with enhancement of 96.46% (for the CC
metric), 62.13% (for the MAE assessment parameter), and 55.79% (for the RMSE assessment
parameter) when computed on training samples of dysprosium-based magnetocaloric
compounds. The same model demonstrates enhanced performance using testing samples
of dysprosium-based magnetocaloric compounds with improvements of 145.55% (for the
CC assessment parameter), 48.14% (for the MAE assessment parameter), and 32.13% (for
the RMSE assessment parameter). The developed SG-SIL-EC model outperforms the SG-
SIL-IR model using training samples of dysprosium-based magnetocaloric compounds
with improvements of 96.24% (for the CC assessment parameter), 51.26% (for the MAE
assessment parameter), and 47.54% (for the RMSE assessment parameter). During the
validation stage, improvements of 140.95%, 62.59% and 39.82% were recorded for the CC,
MAE, and RMSE assessment parameters, respectively. Furthermore, the developed SN-
SIL-EC model outperforms the SG-SIL-EC model during the pattern acquisition stage with
improvements of 6.06%, 22.29%, and 15.73% using the CC, MAE and RMSE assessment
parameters, respectively, while the SG-SIL-EC model outperforms the SN-SIL-EC model
when assessed using testing samples of dysprosium-based magnetocaloric compounds
with improvements of 10.10% (for the CC metric), 27.86% (for the MAE assessment param-
eter), and 11.32% (for the RMSE assessment parameter). Table 2 presents the values of each
of the assessment parameters associated with the developed SIL-based models and their
percentage performance comparisons. The nature of the descriptors as well as the activation
function play a significant role in the performance of SN-SIL-IR, SG-SIL-IR, SN-SIL-EC,
and SG-SIL-EC models. An additional advantage of SN-SIL-IR and SG-SIL-IR models over
SN-SIL-EC and SG-SIL-EC models is the possibility of pre-laboratory modeling, since the
needed descriptors are ionic radii, which are readily available in the literature. The imple-
mentation of SN-SIL-EC and SG-SIL-EC models involves initial laboratory experimental
procedures for the determination of maximum magnetic entropy change.

Table 2. Generalization and performance assessment parameters for the developed SIL-based models
and the associated performance percentage comparisons.

Training Testing
cc MAE RMSE ccC MAE RMSE
SN-SIL-IR 0.9962 3.8065 14.9860 0.9462 28.9942 36.9176
SG-SIL-IR 0.0312 149.4238  179.4843  —0.3815  103.0474  121.2314
SN-SIL-EC 0.8812 56.5886 79.3505 0.8374 53.4394 82.2757

SG-SIL-EC

0.8278 72.8236 94.1622 0.9314 38.5509 72.9599
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Table 2. Cont.

Training Testing

CC MAE RMSE CC MAE RMSE

Percentage improvement of SN-SIL-IR over SG-SIL-IR ~ 96.8728 97.4526 91.6505 140.3151  71.8632 69.5478
Percentage improvement of SN-SIL-IR over SN-SIL-EC ~ 11.5449 93.2735 81.1141 11.5014 45.7438 55.1294
Percentage improvement of SN-SIL-IR over SG-SIL-EC ~ 16.9046 94.7731 84.0849 1.5578 24.7898 49.4002
Percentage improvement of SN-SIL-EC over SG-SIL-IR ~ 96.4646 62.1288 55.7897 145.5546  48.1409 32.1334
Percentage improvement of SG-SIL-EC over SG-SIL-IR  96.2366 51.2637 47.5374 140.9531  62.5891 39.8177

3.2. Predictions of SIL-Based Models for Different Dysprosium-Based Magnetocaloric Compounds

Estimations of the developed SN-SIL-IR, SG-SIL-IR, SN-SIL-EC, and SG-SIL-EC mod-
els are presented with the corresponding absolute error after comparison with the measured
relative cooling power values. The developed SN-SIL-IR model with ionic radii-based
descriptors shows excellent performance and predicts the relative cooling power of most of
the dysprosium-based magnetocaloric compounds exactly, except for a few compounds
with slight deviations, such as Dy,Cu,Cd [49], Dy,Cu,Cd [46], DyNiSi [49], DyB; [49],
Dy,CuyCd [46], DyCoNi [8], DyNiSn [49] and Dy,Co,Ga [46]. Predictions of other de-
veloped models, such as the SG-SIL-IR, SN-SIL-EC, and SG-SIL-EC models, have slight
associated deviations from the measured values.

Table 3 further presents the mean absolute percentage error (MAPE) associated with
each of the developed models, while the MAPE of the developed SN-SIL-IR model shows
the lowest value. Ionic radii specifically define the magnetic refrigerant and potentially
approximate RCP (the amount of transferable heat between cold and hot reservoirs) from
a crystallographic perspective. Maximum magnetic entropy change (also known as the
magnetocaloric effect) controls the heating and cooling of magnetic refrigerant under
varying magnetic fields. The applied magnetic field controls the alignment of magnetic
spins for entropy variation. The potential of ionic radii descriptors to approximate a
magnetic refrigerant crystal structure contributes to the observed better performance of
the associated models as compared with the models developed using maximum magnetic
entropy change descriptors. Hence, the better performance demonstrated by the SN-SIL-IR
model can be attributed to the employed sine activation function coupled with the utilized
ionic radii-based descriptors, which attain precise approximations from a crystal structural
description perspective.

Table 3. Estimates of SIL-based models and their comparisons (all RCP measured in J/kg).

Compound Measured Field SN-SIL- Absolute SG-SIL- Absolute SN-SIL- Absolute SG-SIL- Absolute
RCP (J/kg) (T) IR Error IR Error EC Error EC Error
DyAl, 397.3 [49] 2 397.3 0.0 189.9 207.4 295.5 101.8 204.9 192.4
Dy,Cu,Cd  118.0 [46] 2 118.0 0.0 189.9 719 155.1 37.1 138.8 20.8
DyAl2 118.1 [49] 1 118.1 0.0 189.9 71.8 63.3 54.8 96.4 21.7
DyCu, 198.6 [49] 5 198.6 0.0 235.3 36.7 259.5 60.9 270.2 71.6
Dy,Cr,C;  315.0 [49] 5 315.0 0.0 244.3 70.7 399.3 84.3 391.1 76.1
DyNiSn 50.0 [49] 3 50.0 0.0 189.9 139.9 97.9 47.9 419 8.1
Dy,CupCd 316 [49] 5 375.0 59.0 189.9 126.1 432.6 116.6 400.0 84.0
DyGa 92.8 [49] 2 92.8 0.0 189.9 97.1 53.6 39.2 60.6 32.2
Dy1,Coy 299.0 [49] 5 299.0 0.0 391.4 92.4 257.1 419 266.2 32.8
Dy3Co 625.5 [49] 5 625.5 0.0 2354 390.1 4443 181.2 403.0 2225
DyB; 610.0 [49] 5 610.0 0.0 189.8 420.2 640.7 30.7 480.9 129.1
Dy1,Coy 83.0 [49] 2 83.0 0.0 414.7 331.7 92.6 9.6 78.8 4.2
DyGa 381.9 [49] 5 381.9 0.0 189.9 192.0 179.0 202.9 192.8 189.1
Dy;,NipIn 130.0 [49] 5 130.0 0.0 189.9 59.9 180.4 50.4 196.4 66.4
Dy, NipIn 21.0 [49] 2 21.0 0.0 189.9 168.9 20.4 0.6 21.6 0.6
DyNiSip 58.0 [49] 5 58.0 0.0 175.8 117.8 56.4 1.6 155 425
Dy,Cu,Cd  434.0 [46] 5 375.0 59.0 189.9 2441 432.6 14 400.0 34.0
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Compound Measured Field SN-SIL- Absolute SG-SIL- Absolute SN-SIL- Absolute SG-SIL- Absolute
RCP (J/kg) (T) IR Error IR Error EC Error EC Error
DyFeAl 446.0 [47] 5 446.0 0.0 187.0 259.0 180.4 265.6 196.4 249.6
Dy,CupIn  409.0 [46] 5 409.0 0.0 189.9 219.1 379.1 29.9 385.0 24.0
DyNiSb 58.0 [49] 3 58.0 0.0 189.9 131.9 99.9 41.9 74.9 16.9
DyNiSi 264.0 [49] 5 264.0 0.0 188.0 76.0 279.5 15.5 316.7 52.7
DyCuAl 423.0 [45] 5 423.0 0.0 178.9 2441 4111 11.9 543.8 120.8
Dy,CoGaz  252.0 [49] 5 252.0 0.0 189.7 62.3 272.2 20.2 297.7 45.7
DyCuAl 150.0 [45] 2 150.0 0.0 186.8 36.8 236.3 86.3 228.0 78.0
DyNiSn 22.0 [49] 2 22.0 0.0 189.9 167.9 33.3 11.3 39.4 17.4
Dy;CopGa  152.0 [46] 5 152.0 0.0 189.7 37.7 180.9 28.9 196.8 448
DyNisSi 31.0 [49] 1 31.0 0.0 189.6 158.6 40.0 9.0 32.3 1.3
DyNiSis 72.0 [49] 5 72.0 0.0 180.3 108.3 168.1 96.1 174.7 102.7
Dy;,Ni3Sis ~ 120.0 [49] 5 120.0 0.0 189.7 69.7 188.1 68.1 197.6 77.6
DyNiSb 28.0 [49] 2 28.0 0.0 189.9 161.9 62.6 34.6 65.6 37.6
DyNiSn 130.0 [49] 5 130.0 0.0 189.9 59.9 191.7 61.7 200.2 70.2
DyNiSi 133.0 [49] 2 145.6 12.6 189.9 56.9 123.3 9.7 255.5 1225
DyB, 193.0 [49] 2 112.5 80.5 189.9 3.1 169.3 23.7 144.1 489
Dy,Cu,Cd  87.0 [46] 2 118.0 31.0 189.9 102.9 155.1 68.1 138.8 51.8
Dy,CupIn 133.0 [46] 2 148.7 15.7 183.9 50.9 155.1 221 138.8 5.8
DyCoNi 360.7 [8] 5 326.6 34.0 187.0 173.6 253.7 107.0 261.1 99.6
DyNiSn 6.0 [49] 1 129 6.9 189.9 183.9 21.7 15.7 9.5 3.5
Dy;CopGa  40.0 [46] 2 17.7 22.3 189.9 149.9 784 38.4 68.4 28.4
Mean absolute percentage error (MAPE) 8.4 140.9 56.0 66.5

400

Relative cooling power (J/Kg)

3.3. Applied Magnetic Field Dependence of Relative Cooling Power of Dysprosium-Based
Magnetocaloric Compounds Using Developed SN-SIL-IR Model

The dependence of the applied magnetic field on the relative cooling power of two

different dysprosium-based magnetocaloric compounds has been investigated using the
developed SN-SIL-IR model. The applied magnetic field was varied between 1 and 7 T,
and the response of relative cooling power is presented in Figure 3. For the Dy,Cr,C3
dysprosium-based magnetocaloric compound presented in Figure 4a, an increase in the
value of applied magnetic field increases the value of relative cooling power up to the
applied magnetic field of 5 T, after which further increases in the applied magnetic field
decrease the relative cooling power. A similar value of relative cooling power has been
reported experimentally at an applied magnetic field of 5 T [49]. This confirms that the
developed model generalizes well using an external dataset or different testing conditions.
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Figure 4. Magnetic field dependence of relative cooling power in (a) Dy,Cr,C3 and (b) DyGa

dysprosium-based magnetocaloric compound.
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The response of the DyGa dysprosium-based magnetocaloric compound to the applied
magnetic field is presented in Figure 4b. The value of the relative cooling power decreases
with the increase in the applied magnetic field up to a field of 2 T, after which an increase
in the applied magnetic field increases the value of relative power. The experimental
value of the relative cooling power for the DyGa [49] magnetocaloric compound at 5 T
aligns with the predicted value of the SN-SIL-IR model. The developed model can be ade-
quately employed for the exploration of the potentials of dysprosium-based magnetocaloric
compounds for practical implementation in addressing the energy crisis.

4. Conclusions

The relative cooling power of dysprosium-based magnetocaloric compounds is mod-
eled using a single hidden layer extreme learning machine intelligent method with ionic
radii and maximum magnetic entropy change descriptors. For the testing samples of
dysprosium-based magnetocaloric compounds, the developed SN-SIL-IR model (with sine
activation function and ionic radii-based descriptors) outperforms the SG-SIL-IR model
with improvements of 140.32%, 71.86%, and 69.54% using CC, MAE, and RMSE metrics,
respectively. The developed SN-SIL-IR further performs better than the SN-SIL-EC model
when validated on testing samples of dysprosium-based magnetocaloric compounds with
performance improvements of 11.50% (for the CC metric), 45.74 (for the MAE metric), and
55.13 (for the RMSE metric). Superior performance was also recorded for the SN-SIL-IR
model over the SG-SIL-EC model with improvements of 1.56% (for the CC metric), 24.79%
(for the MAE metric), and 49.40% (for the RMSE metric) using the same set of validation
magnetocaloric samples. The estimated values of relative cooling power predicted by the
SN-SIL-IR model for the majority of the investigated dysprosium-based magnetocaloric
compounds agree exactly with the measured values. The dependence of the relative cooling
power of dysprosium-based magnetocaloric compounds on the applied magnetic field was
investigated by the developed model. The limitation of the developed models is that they
are only applicable to dysprosium-based magnetocaloric compounds.
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Appendix A

w1l = input weights associated with applied field descriptor, w2 = input weight
associated with € descriptor, w3 = input weight associated with X descriptor, w4 = input
weight associated with J§ descriptor, w5 = input weights associated with N descriptor and
w6 = input weights associated with a descriptor.

Table Al. Extracted relative cooling power weights from trained ELM algorithm.

Neurons Bias Output Weights wil w2 w3 w4 w5 wbé

1 0.757181 128.2458 —0.16493 0.695291 —0.17544 0.113209 —0.32193 0.287777
2 0.254413 —18.0158 0.256964 0.354654 0.912705 —0.88545 0.120015 0.7595

3 0.7565 —18.8439 0.52911 —0.47277 —0.40498 0.756622 0.433355 —0.0761

4 0.12596 46.28244 —0.87858 —0.31718 —0.95613 —0.46264 —0.98309 —0.38935
5 0.551863 72.4424 0.609363 0.031509 0.365358 —0.51213 —0.48596 0.506072
6 0.734348 —2.59825 —0.47962 —0.57209 0.159656 0.212693 0.947727 0.428756
7 0.039559 —121.187 0.099609 0.157542 —0.97197 —0.71664 —0.70449 —0.38671
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Table Al. Cont.

Neurons Bias Output Weights wl w2 w3 wi w5 wb6
8 0.766949 88.66311 —0.74206 0.271027 0.193201 —0.31831 0.942171 0.892488
9 0.833686 —2.94049 —0.64063 —0.86198 0.095341 —0.93218 —0.80109 —0.79227
10 0.818937 17.17658 —0.58174 0.805919 —0.1371 —0.41221 —0.06569 —0.98353
11 0.187952 18.47104 0.464076 0.438822 0.383073 —0.61799 —0.29508 0.342357
12 0.110709 —45.0899 —0.60316 0.914291 —0.07335 0.275059 —0.29043 —0.47259
13 0.790708 —27.845 —0.54205 —0.50858 0.971945 0.07347 —0.70121 0.338864
14 0.472941 —57.577 0.267616 0.969685 —0.72949 —0.80213 —0.60818 0.029065
15 0.955869 —44.2371 —0.2662 —0.75876 0.382456 0.87892 —0.27545 0.908242
16 0.588844 —19.4382 0.567712 —0.95428 —0.41099 —0.5135 —0.62566 —0.94882
17 0.76975 —13.8187 0.574955 —0.33591 —0.40983 0.068854 —0.58327 0.727784
18 0.063367 20.73787 —0.39591 0.945048 0.951148 —0.84853 0.720347 —0.4638
19 0.334498 12.58699 —0.20633 0.892836 —0.78421 —0.26015 —0.21726 0.445344
20 0.165463 13.86607 —0.12433 0.318932 —0.42171 —0.88005 0.135062 —0.41877
21 0.639229 —63.8947 —0.51689 0.984195 0.142215 0.271523 —0.03481 0.926624
22 0.892102 —16.7939 0.115723 —0.90036 —0.37931 —0.31543 0.182217 —0.41853
23 0.97675 36.65272 —0.32071 —0.3863 —0.76575 —0.35807 0.702848 0.131054
24 0.626383 —1.73003 —0.06111 0.844673 —0.34758 0.438454 0.00022 —0.92174
25 0.402965 —0.43486 —0.47579 —0.93534 —0.77009 0.762693 0.288409 0.872028
26 0.035423 68.70198 0.000342 0.854612 0.300132 —0.00723 —0.14797 —0.12105
27 0.773491 10.66352 —0.99151 —0.44852 —0.51161 0.296741 —0.15117 0.194415
28 0.13155 —21.7048 0.361741 —0.57198 —-0.7777 -0.175 —0.97306 —0.0773
29 0.578453 —40.5552 —0.1498 —0.70488 —0.26117 —0.36916 —0.07911 —0.41858
30 0.61448 60.73166 0.641317 —0.77747 0.068603 —0.06531 —0.20881 0.979156
31 0.111074 55.23363 —0.17458 0.347785 0.944794 0.822454 —0.36487 —0.97344
32 0.241796 4.314754 —0.46734 —0.97322 —0.41564 0.878562 0.975984 —0.41827
33 0.341398 38.2008 —0.34715 —0.07136 —0.84944 —0.33775 —0.15481 0.770238
34 0.931541 —37.4286 0.721814 0.867327 —0.59949 —0.63958 —0.18003 —0.32494
35 0.343571 —13.8027 0.047931 —0.10164 0.076833 —0.30037 —0.93726 0.807957
36 0.187824 22.47431 —0.94042 0.939279 —0.51151 0.583405 0.439725 0.232178
37 0.973886 3.216715 0.986206 0.624026 0.337507 —0.30946 0.641796 —0.97233
38 0.019801 —45.7969 0.770473 —0.76243 —0.58962 0.483171 0.179495 0.720441
39 0.825272 —1.63246 0.663461 —0.78818 0.717693 —0.09312 —0.55951 0.190357
40 0.328464 —3.05205 0.05458 —0.94343 0.976704 0.224472 —0.46727 0.02983
41 0.834862 —95.2086 —0.50052 0.666703 0.526723 —0.17133 —0.78287 —0.01307
42 0.030859 —41.2233 —0.82203 —0.11623 —0.84447 —0.01358 0.360187 —0.19387
43 0.296034 —8.23742 —0.11192 —0.62554 —0.65277 0.326463 0.685103 0.168403
44 0.581883 —3.4383 —0.40135 0.315852 —0.8899 —0.66191 —0.96063 —0.55526
45 0.333208 43.88146 —0.20796 —0.29725 —0.67873 0.708568 0.851812 0.355068
46 0.238346 6.376941 —0.7567 0.187897 —0.68952 —0.18341 0.980256 —0.70285
47 0.912175 73.38841 —0.9312 0.841231 0.34777 —0.2211 0.58207 —0.02211
48 0.369068 —34.8207 0.301109 0.090756 0.29972 —0.37819 —0.52517 0.072262
49 0.212528 64.88342 —0.4139 —0.04791 0.465531 0.111519 —0.86112 —0.1498
50 0.160148 —85.423 0.534641 —0.04989 —0.4893 0.74095 —0.22189 —0.8834
51 0.749057 —49.1328 —0.74339 —0.17481 —0.23705 0.732668 —0.4575 0.826164
52 0.255044 17.32208 0.543016 —0.97461 0.323313 —0.3001 0.116816 —0.22997
53 0.1745 68.21819 —0.98904 0.435347 0.645522 —0.73373 0.337656 —0.48331
54 0.470656 52.17694 —0.59815 —0.71091 0.729187 0.864254 0.273147 —0.6341
55 0.310409 37.14708 —0.7853 0.073549 —0.49912 —0.73244 0.63285 —0.52455
56 0.827468 56.95808 —0.3496 —0.39255 —0.059 0.038534 —0.68299 —0.6413
57 0.464294 —80.1819 —0.81514 —0.28034 0.130441 —0.57586 0.727999 —0.15987
58 0.132706 —94.8056 —0.7903 —0.23918 0.520924 0.780662 0.580469 —0.3904
59 0.509294 —75.8862 0.066942 0.027455 —0.74082 —0.8264 —0.45206 —0.96349
60 0.94982 11.5699 0.184452 0.846016 0.537693 —0.90233 0.393911 0.79364
61 0.565004 5.365117 0.936008 —0.56605 0.318884 0.109174 0.136153 —0.07432
62 0.9545 13.88012 0.666869 —0.27204 0.021294 0.297903 0.02863 0.750471
63 0.834355 0.299659 0.104097 0.934179 —0.01158 0.250085 —0.86356 —0.15217
64 0.256887 —97.9072 —0.30896 0.810768 0.497421 —0.67714 —0.48598 —0.01496
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