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Abstract

In this study, supervised machine learning (ML) regression models are employed to predict
water uptake during the sorption process in a sorption reactor for thermal energy storage
applications. Two main methods are used to study sorption storage systems: experimental
studies and numerical simulations. Experimental studies involve physical testing and
measurements but are often costly and time-consuming. Numerical simulations are more
flexible and cost-effective, though they can require significant computational resources for
large or complex systems. To address these challenges, researchers are increasingly employ-
ing various machine learning techniques, which offer strong potential for data analysis and
predictive modeling. In this study, CFD-based sorption simulations are integrated with
machine learning models to predict the spatiotemporal evolution of water uptake. Sev-
eral ML techniques including support vector regression (SVR), Random Forest, XGBoost,
CatBoost (gradient boosting decision trees), and multilayer perceptron neural networks
(MLPs) are evaluated and compared. A fixed-bed reactor equipped with fins and tubes
is considered within a closed adsorption thermal storage system. Numerical simulations
are conducted for three different fin lengths (10 mm, 25 mm, and 35 mm) to generate a
comprehensive dataset for training the ML models and capturing the complex temporal
evolution of water uptake, thereby enabling predictions for unseen fin geometries. The
results indicate that neural network-based models achieve superior predictive performance
compared to the other methods. For water uptake training, the mean absolute error (MAE),
root mean squared error (RMSE), and coefficient of determination (R?) are approximately
2.83,4.37, and 0.91, respectively. The predicted water uptake shows close agreement with
the numerical simulation results. For the prediction cases, the MAE, MSE, and R? values
are approximately 1.13, 1.2, and 0.8, respectively. Overall, the study demonstrates that
machine learning models can accurately predict water uptake beyond the training dataset,
indicating strong generalization capability and significant potential for improving thermal
management system design. Additionally, the proposed approach reduces simulation time
and computational cost while providing an efficient and reliable framework for modeling
complex sorption processes in thermal energy storage systems.
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1. Introduction

The building sector plays a significant role in global energy consumption and CO,
emissions, contributing to climate change and the depletion of natural resources [1,2].
A significant share of building energy use is associated with heating and cooling, and
projections indicate that by 2050, two-thirds of residential buildings will require air con-
ditioning [3]. Under these circumstances, increasing the integration of renewable energy
sources in buildings has become essential. However, the intermittent and variable nature of
renewable energy presents a key obstacle to maintaining a stable and reliable energy supply.
Energy storage technologies provide an effective solution to this challenge by enabling
excess energy generated during periods of high renewable production to be stored and later
released when demand is high or generation is low. Thermal energy storage (TES) systems,
classified into sensible heat storage (SHS), latent heat storage (LHS), and thermochemical
energy storage (TCES), offer valuable means of mitigating fluctuations in renewable energy
availability and reducing dependence on fossil fuels.

Sorption energy storage has emerged as a promising thermal energy storage (TES)
technology due to its high energy density and negligible heat losses during long-term
storage, outperforming conventional sensible and latent heat storage systems [4,5]. In
thermal energy storage systems, adsorption refers to the process by which a gas (adsorbate)
adheres to the surface of a solid material (adsorbent) [6,7]. Heat storage and release
in adsorption-based systems rely on reversible interactions between the adsorbent and
adsorbate, typically involving three key stages: charging, storage, and discharging [8].
Common adsorbent materials such as zeolite, silica gel, and activated carbon are widely
used for building applications, while water is typically employed as the adsorbate due to its
low cost, availability, and non-toxic nature [9,10]. Koll et al. [11] experimentally examined
a sorption storage system designed to supply domestic hot water and space heating for a
single-family residence. The system comprised two reactors filled with zeolite 13XBF and
was charged using evacuated tube solar collectors. Padamurthy et al. [12] experimentally
investigated a sorption energy storage system using zeolites for low-temperature heat
storage applications. They conducted both desorption and adsorption experiments and
analyzed the performance characteristics to assess the system’s suitability for the targeted
application. Ji et al. [13] introduced a metal mesh net-packing technique to enhance
the energy storage density and thermal efficiency of a thermochemical energy storage
system. They designed three mesh geometries with two different packing arrangements
and evaluated key reactor parameters. Their findings indicated that the cube-shaped
aluminum mesh net configuration provided the best overall performance. Gaeini et al. [14]
developed and evaluated a sorption storage system employing the zeolite 13X-water pair
for domestic hot water production in residential buildings. Their results showed that, by
using one of the system’s segments, 100 L of water could be heated to 75 °C, demonstrating
the feasibility of producing domestic hot water with this type of sorption-based system.
Palo et al. [15] studied the performance of a novel adsorption thermal storage system based
on steam vapor and zeolite 13X through both experimental and numerical approaches.
Their results showed that the system could achieve charging efficiencies above 80% and
discharging efficiencies exceeding 50%, demonstrating strong potential for practical thermal
energy storage applications. Gao et al. [16] conducted a parametric investigation to examine
how different charging conditions—specifically temperature, humidity, and volumetric
flow rate—affect the performance of an open sorption system, with a particular focus on
the coefficient of performance (COP). Their findings revealed that approximately 60% of
the input thermal energy was lost during the charging phase due to the direct release of
hot outlet air from the reactor into the surrounding environment.
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Although exergy-based analysis has been widely used as a powerful tool for evaluat-
ing the thermodynamic performance of energy systems [17], two primary approaches are
commonly employed to investigate sorption storage systems, experimental studies and
numerical simulations, each with distinct advantages and limitations. Experimental studies
provide accurate and reliable insights into system behavior through direct physical testing,
but they are often costly and time-consuming due to the need for specialized equipment
and detailed data acquisition. In contrast, numerical simulations offer a more flexible and
cost-effective alternative by modeling sorption processes and heat transfer phenomena,
allowing the evaluation of a wide range of operating conditions. However, for large or
complex systems, such simulations can still require significant computational time and
resources. To tackle these challenges, methodologies such as Design of Experiments (DOE)
and Response Surface Methodology (RSM) are commonly employed, as they provide pow-
erful tools for analyzing and optimizing complex systems [18]. DOE offers a systematic
framework for examining the influence of multiple variables with minimal experimental
effort, while RSM extends this approach by using regression-based, models to characterize
relationships and identify optimal operating conditions. These methods are particularly
useful in controlling experimental settings with limited data and where understanding
variable interactions is essential. However, their ability to capture complex or strongly
nonlinear behavior is limited, especially in systems governed by intricate physical inter-
actions. To overcome these limitations, researchers increasingly turn to machine learning
techniques, which have shown strong potential for analyzing and predicting heat transfer
processes in recent studies [19,20]. Machine learning is particularly effective at handling
large, complex datasets and capturing non-linear relationships, making it well suited for
problems involving high-dimensional inputs and outputs. Its application has expanded
across numerous fields, including fluid mechanics, heat exchangers, and fluid flow sys-
tems [21,22]. A variety of machine learning approaches such as gradient boosting decision
trees, multilayer perceptron neural networks, support vector regression, Random Forest,
and XGBoost have been applied to capture these relationships without the need for detailed,
system-specific information. These methods are particularly effective for the modeling and
optimization of sorption storage systems, as they can handle complex system behavior,
lower computational costs, and provide rapid, adaptable, and accurate predictions. By
training machine learning models using data from experimental studies or numerical
simulations, researchers can create predictive frameworks that efficiently estimate sys-
tem performance under new operating conditions without the need for extensive testing.
Combining experimental techniques, numerical modeling, and machine learning therefore
shortens development time, reduces resource consumption, and enables new opportuni-
ties for system optimization. Balakrishnan et al. [23] employed several machine learning
approaches, including Random Forest, Extreme gradient boost, Catboost, SVM ANNSs, to
predict the thermal behavior of PCM based on experimental measurements. Their work
focused on accurately modeling the charging and discharging cycles in a heat exchanger
and demonstrated that machine learning can improve the design of thermal energy storage
systems. Amudhalapalli et al. [24] investigated shell-and-tube heat exchangers incorporat-
ing phase change materials, enhanced with copper metal foams, to predict the melt fraction
using machine learning approaches. Several ML models were assessed, including Linear
Regression, Support Vector Regression, XGBoost, and K-Nearest Neighbors, with these
methods achieving the highest prediction accuracy for melt fraction during both melting
and solidification processes. The results underscore the effectiveness of machine learning
techniques for modeling transient heat transfer behavior. Zhao and Alshehri [25] integrated
numerical simulations with machine learning regression techniques to model an ozonation
process coupled with membrane separation, with particular emphasis on mass transfer and
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the distribution of ozone concentration in the liquid phase. Using data generated from CFD
simulations, ozone concentration was predicted employing Deep Neural Networks (DNNs),
Gaussian Process Regression (GPR), and Extreme Gradient Boosting models. The results
indicate that the GPR and DNN approaches achieved high predictive accuracy, whereas the
XGBoost model exhibited comparatively lower performance. Delmarre et al. [26] applied
an ML model to simulate a sorption heat storage system as an alternative to conventional
physical modeling. The neural network was trained using experimental data to assess its
performance under real operating conditions. Their findings showed that a recurrent neural
network (RNN) achieved high accuracy, with predicted outcomes closely matching the
experimental results. Scapino et al. [27] explored the capability of neural network models to
predict the behavior of a sorption thermal energy storage system. Their ANN was trained
using simulated data generated from a physics-based model. The results demonstrated that
the network could accurately reproduce and forecast the system’s dynamic performance,
achieving mean squared error values below 2 x 10~3. Skrobek et al. [28] evaluated several
neural network architectures—including LSTM, BiLSTM, and GRU—to identify the most
effective model for predicting mass variations within a sorption bed. The dataset incorpo-
rated the fluidized state of the adsorption bed under reduced pressure. Their numerical
investigation focused on mass prediction using these algorithms for silica gel sorbents
enhanced with copper, aluminum, and carbon-nanotube additives.

Although many researchers have explored the use of ML and numerical simulations
in thermal and sorption systems, relatively few studies have examined the capability of ML
methods to predict system behavior beyond the conditions included in the training dataset,
thereby reducing computational effort and resource consumption. The ML models are
designed to interpolate adsorption behavior within the investigated geometric range rather
than to extrapolate beyond it. Even fewer works have focused specifically on forecasting the
temporal evolution of sorption water uptake. This study aims to address these research gaps
by evaluating the ability of different ML methods to predict the dynamic water uptake in a
sorption system housed within an enclosure with different fin lengths, thereby contributing
new insights to this under-explored area. Numerical simulations are first conducted for
three fin lengths (10 mm, 25 mm, and 35 mm). The corresponding coordinate data for water
uptake at various time steps are then extracted, and different ML models, such as CatBoost,
MLP, SVR, Random Forest, and XGBoost, are used to train the model. These models were
chosen because they represent widely used and well-established regression approaches in
thermal engineering and energy system modeling, including both neural networks and
ensemble learning techniques. Based on the metrics, the best model is selected and, after
training, applied to predict water uptake for two additional fin lengths (20 mm and 30 mm),
which are not included in the training dataset. The predicted results are compared against
separate numerical simulations to evaluate the model’s predictive accuracy.

2. Materials and Methods

Figure 1 shows the geometric model used for numerical simulation. In this study, a
cylindrical fixed-bed reactor is selected as the research subject within a closed sorption heat
storage system. The computational domain, depicted in Figure 1, consists of the zeolite
13X-filled bed, the tube containing the heat transfer fluid (HTF), and the attached fins.
The inner and outer tube radii (r; and ryy:), the heat exchanger length (L), and the wall
thickness (t) are 7 mm, 58 mm, 64 mm, and 1 mm, respectively. Copper fins are uniformly
distributed along the tube surface. The thermophysical properties of the water vapor, fins,
zeolite, as well as geometric and other parameters, are provided in reference [29]. Inside the
enclosure, two fins are placed, each with a thickness of 0.86 mm. The fin length, denoted
as L, varies in simulations, with values of 10 mm, 25 mm, and 35 mm considered. The
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outcomes of these simulations are utilized to train the ML model by supplying spatial data
of the water uptake, allowing the model to capture and comprehend the dynamic water
uptake of the reactor during discharge process under various conditions. Once trained,
the best model is selected and is applied to predict the water uptake characteristics for
intermediate fin lengths of 20 mm and 30 mm, which were excluded from the training
dataset. The predicted results for these intermediate cases are then thoroughly validated
against the corresponding numerical simulation data to evaluate the model’s accuracy
and reliability.

Computational Domain

HTF

Vacuum Chamber

Axis of Symmetry

(b)

Figure 1. (a) The adsorbent bed, (b) the geometric model of the problem and the geometric of fins.

Figure 2 presents the workflow diagram of the study. As illustrated, ML models
are employed to improve the efficiency of simulations related to water uptake. Initially,
numerical simulations are conducted for the sorption reactor with fin lengths of 10 mm,
25 mm, and 35 mm to obtain contour data of water uptake. Subsequently, the X and Y
coordinate data are extracted from these contours at different time steps and used to train
the ML models. Using the metric-based evaluation, the most suitable machine learning
model for the dataset is identified. The selected model is then trained and applied to predict
the coordinate data for additional fin lengths of 20 mm and 30 mm. The predicted results
are compared and validated against the corresponding numerical simulation outcomes.
If the ML predictions show sufficient accuracy and reliability, the model is considered
effective in significantly reducing computational time while accurately predicting results
for untested fin lengths. In cases where the predictions lack reliability, the ML model is
further refined to improve its accuracy and performance. When the predictive performance
is unsatisfactory, the model is refined through systematic hyperparameter tuning. Critical
hyperparameters are optimized using a structured search strategy with cross-validation to
improve accuracy and generalization.
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Run numerical simulation for
fin lenghts of 10, 25, and 35 mm

Run numerical simulation for
fin lenghts of 20 and 30 mm

Obtain the contours of water uptake Obtain the contours of water uptake

Extract the X and Y cordinate data from the
contours at different times

l

Training the ML models and selecting the
optimum ones

[

Validate the water uptake predicted
by the ML model

Utilize the trained model to predicte the cordinate
data for water uptake at
fin lenghts of 20 and 30 mm

Is the prediction
reliable? (R?>0.85

N
N

The trained ML model can significantly reduce simulation time and

cost. this model can be use for predict results for additional cases.

Figure 2. The workflow diagram of simulation and machine learning.

2.1. Governing Equations

The finite element method (FEM)-based computational fluid dynamics (CFD) software,
COMSOL Multiphysics 6.1, is employed to numerically solve the interconnected mass and
heat transfer equations. Custom user-defined functions were developed by Abohamzeh
et al. [29] and used to incorporate expressions for reaction kinetics and thermophysical
properties. The mesh is constructed by dividing the three distinct domains, heat transfer
fluid (HTF), heat transfer tube, and adsorbent bed (porous region), into very fine elements
to achieve superior accuracy in the simulation outcomes. All equations are discretized
via a quadratic second-order scheme. To minimize computational errors, an extremely
fine grid resolution is employed near the boundaries between the porous medium and the
solid phase. Simulations were conducted with three mesh densities, 22,950, 54,879, and
87,606 triangular elements, and the resulting water uptake quantities were compared. The
findings from the finest mesh (87,606 elements) showed deviations of no more than 0.02%
relative to the 54,879-element case. Grid independence validation is presented in Figure 3.

0.3

——e—— 87,606 cells
54,879 cells
0.25 ——e—— 22,950 cells

0 200 400 600 800
Time (min)

Figure 3. Grid independence test.
The governing equations used to model this process are outlined below.

2.1.1. Adsorption Model
The adsorption rate and corresponding adsorbed mass are calculated using the linear
driving force (LDF) model [30]:

0X

i Kipr(Xpo — X) 1)
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Adsorbent  (pCp)

HTT

where Xg is the equilibrium adsorption capacity, X is the instantaneous adsorbed amount,
and Kj pr is the lumped mass-transfer coefficient. This coefficient characterizes the ease
with which vapor diffuses from the adsorbent surface into the interior of a particle and is
defined as [30]:

15 E
Kipr = TzDoexP <—a> 2)
p

Here, 7, is the radius of the zeolite particle, Dy is the pre-exponential diffusivity, and
E, is the activation energy. To describe equilibrium adsorption behavior within the bed,
an adsorption equilibrium model is required to relate local thermodynamic conditions
(namely temperature and vapor pressure) to the equilibrium water uptake. In this study,
Dubinin’s theory [31] is used for this purpose. This model is appropriate for materials
with pore sizes smaller than 2 nm and assumes that adsorption is controlled primarily by
micropore volume rather than surface area. Based on the Dubinin—Astakhov formulation,
the equilibrium uptake Xpg for a zeolite 13X-water pair is given by [32,33]:

Xgg = Xoexp(—B<TZm - 1) ) 3)

where X is the maximum adsorption capacity and B and n are D-A fitting parameters
specific to the zeolite-water system [34].

2.1.2. Vapor Transport in Bed
eeff%f — Do V?C + V.(Cu) = Rq (4)

€eff = €ped T Ep(1 — €ped) (5)

- (1 — eeff)ps aix

In this model, D¢ represents the effective gas diffusivity within the porous medium, C

Rs = (6)

is the water vapor concentration, ps is the adsorbent density, My, is the molar mass of water
vapor, & denotes the effective porosity, €, and €4 correspond to the particle porosity and
the bed porosity of the zeolite, respectively.

Because the system operates under very low pressure, the water vapor behaves as
an ideal gas, allowing its density to be calculated using the ideal gas law. Water vapor
transport through the porous adsorbent occurs via both diffusion and advection. Pressure
gradients drive the bulk movement of vapor, while the local velocity in both radial and
axial directions is described using the Darcy equation, which is appropriate for the low gas
velocities typically encountered in porous media such as adsorption beds [35].

2.1.3. Heat Transfer

Three different domains of adsorbent bed, fins and heat transfer tube (HTT) and heat
transfer fluid (HTF), are taken into consideration.

0T 2 hscoAs,co 90X
eff 3r —|—V.(pfcpfuTs) —keffV Ts+7vs (Ts — Too) = (1_8eff)PS§|AH| )
oT, hy Ay hs coA
Pcocp,coTIfO - kcovaco + tht i (Tco - Thtf) + %IESM(TCO - TS) =0 (8)

https://doi.org/10.3390/en19071619


https://doi.org/10.3390/en19071619

Energies 2026, 19, 1619 8 of 22

aT;, 2
HTF phtfcp,hthtf +05Cpf Vs — khtfvahtf + ;hti(Thtﬂr =1t — Tca) =0 )

where C,, r and pf represent the specific heat capacity and density of the water vapor,
respectively. The term (0C,)efs denotes the effective volumetric heat capacity of the porous
medium. Additionally, kco, Cp,co, and p, correspond to the thermal conductivity, specific
heat capacity, and density of the copper fins. h;; is heat transfer coefficient between heat
transfer fluid and tube.

2.2. Validation of the Simulation Results

To confirm the accuracy of the simulation, this model was validated by Abohamzeh
et al. [29]. They validated the model for the desorption process in a closed system with
experiments of Wu et al. [36]. Good agreement was observed between the predictions of
the present model and the results reported in the literature, demonstrating the reliability
and accuracy of the model for further numerical calculations.

2.3. Machine Learning

In this study, the water uptake of the sorption reactor under varying fin lengths is
simulated to analyze the discharge behavior and to generate spatial data for training with
different ML models. The geometric influence is primarily characterized by the fin length
parameter, which directly impacts the heat transfer behavior of the reactor. All other
geometric parameters, including reactor dimensions and fin thickness, are held constant to
isolate the effect of fin length on overall system performance. The extracted water uptake
data is represented using coordinate values. As shown in Figure 4, these coordinates are
recorded along the reactor domain from the starting point (R, Zyin) to the endpoint
(Rimax, Zmax ), providing a detailed spatial representation of the discharge process. For
each coordinate (R, Z) within the domain, the corresponding values of water uptake are
recorded and organized into three columns: the R column, Z column, and Value column
(water uptake). Consequently, a distinct dataset is generated for the training stage.

I

R

Figure 4. The spatial data used in the ML models.

For training, fin lengths of 10 mm, 25 mm, and 35 mm are selected to represent a
broad range of operating conditions. For each fin length, the water uptake data is recorded
at multiple time intervals. Because significant variations occur at the beginning of the
discharge process, data recording starts at 10 min, with intervals of 10 min up to 50 min.
Beyond this point, the interval is increased to 50 min, continuing until 250 min. This
approach yields a comprehensive dataset encompassing water uptake distribution across
different times and fin lengths. At each interval, coordinate data for water uptake are
collected, providing a robust dataset for ML training. Thermophysical parameters such as
effective diffusivity, adsorption constants, and heat transfer coefficients were not directly
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used as input features because they remain constant throughout the simulations and
are already embedded in the CFD model that generated the dataset. Such detailed data
enables the ML models to effectively learn and model the relationships between variables,
allowing for accurate prediction of water uptake distribution under varying conditions.
Consequently, the trained model contributes to improved design and optimization of
sorption heat storage systems. Figure 5 presents a schematic overview of the proposed
methodology, structured into different phases and steps, and illustrates the algorithms and
tools incorporated into the framework. To select the most suitable type of model, widely
used data-driven machine learning models in the field of thermal storage were considered.
These include CatBoost (gradient boosting decision trees), multilayer perceptron neural
networks (MLPs), support vector regression (SVR), Random Forest, and XGBoost. Table 1
shows a summary of the supervised learning models reviewed and their comparison.

CFD Data Generation ML Modeling
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Figure 5. Algorithmic components and tools employed in the proposed framework.

Table 1. Comparative summary of supervised ML models for water uptake prediction.

Model Paradigm Nonlinearity Data Efficiency Interpretability
CatBoost Gradient boosting trees Very high High Medium
MLP Neural networks Very high Medium Low

SVR Kernel regression High (kernel-dependent) High Medium
Random Forest Bagging trees High High High
XGBoost Regularized boosting trees Very high Medium-High Medium

CatBoost is a gradient boosting decision tree (GBDT) algorithm that constructs an
additive ensemble of decision trees. It employs ordered boosting and symmetric tree
structures to reduce prediction bias and overfitting.

The predicted output for the i-th sample is expressed as:

K

yi=), filxi) fr € F, (10)

k=1
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where fj is the k-th regression tree, K is the number of trees, and F is the space of regression trees.
The regularized training objective is:

n K

L=Y i)+ Y, Q). (11)

i=1 k=1

where Q)(-) penalizes tree complexity (e.g., depth, leaf weights). CatBoost’s symmetric
trees improve stability and generalization for coupled thermophysical predictors.

An MLP is a feed-forward neural network composed of L layers with nonlinear
activation functions. Let 1(?) = x. For hidden layers/ = 1,...,L — 1:

B — g(w(l)h(lfl) + b(l)) (12)
and the output layer (scalar regression) is:

7= folx) = WL p(L=1) 4 p(L) (13)

L
The parameters are 6 = {W(l), b® } and o(-) may be ReLU or tanh.

A common choice is squared loss with ¢, regularization

mln Z — fo(xi)) —|—/\Z HW H (14)

where A > 0 controls weight decay. MLPs can approximate complex nonlinear sorption
dynamics but require regularization (and often early stopping) to mitigate overfitting.

Support Vector Regression constructs a maximum-margin regression function with an
e-insensitive loss. The model is

fo(x) =w'¢(x)+0b (15)

where ¢(-) maps inputs into a feature space and 6 = (w, b).
The primal optimization problem is:

br?é%*}z\IWIlz+CZ (& +8), (16)
subject to:
— (@ p(x) +b) <e+é (17)
(w o) +) —y; <e+i (18)
&, & >0,i=1,...,n (19)

Using a kernel K(x,x') = ¢(x) " ¢(x"), the predictor can be written in dual form:

n
fo(x) =Y (aj —a])K(x;,x) +b (20)
i=1
where a;, a7 are dual variables. SVR is often effective for small-to-medium datasets and
provides strong generalization when nonlinear kernels are appropriate.
Random Forest is an ensemble method that averages predictions from M regression
trees trained on bootstrap samples with randomized feature selection at splits.
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The prediction is:
. 1 M4
J=fo(x) =) Tul(x) (21)
Mm:l

where Ty, (+) is the m-th regression tree. Each tree is trained by minimizing squared errors
on its bootstrap dataset D, C D:

min )7 (y; — Tu(x))? (22)
" (xi4i)€Dm

Random Forest reduces variance through bagging and is robust to noise in experimen-
tal measurements, making it suitable for sorption datasets.

XGBoost is a regularized gradient boosting method that constructs an additive model
of K trees, similar in form to (4):

K

Vi=) filxi) fee F (23)

k=1

At boosting iteration f, using a second-order Taylor expansion of the loss around

(1)

y; ', the objective for the next tree f; is approximate as:
0~y 1 2
LU~ Y 1gifi(xi) + Shifi(xi)” | + Q(fy) (24)

i=1

where the first- and second-order derivatives are:

1 A~ 7 1 AL
W lg=git W Ig=gltV
A commonly used regularizer is:
— A 2
Qf) =L +3 ), (26)
]Eﬂt

where L; is the set of leaves in tree t and w; are leaf scores. XGBoost is typically effective
for tabular thermophysical datasets with strong nonlinear interactions and provides high
predictive accuracy with explicit regularization.

Table 1 presents a structured qualitative comparison of the supervised learning mod-
els used in this study according to four evaluation criteria: paradigm, nonlinearity, data
efficiency, and interpretability. Paradigm refers to the underlying learning principle or algo-
rithmic family to which each model belongs (e.g., neural networks, kernel-based methods,
bagging, or boosting tree ensembles). Nonlinearity indicates the model’s capacity to repre-
sent complex nonlinear relationships between input features and water uptake response.
Data efficiency describes the ability of a model to achieve strong generalization performance
with limited training data, reflecting its inductive bias and built-in regularization mecha-
nisms. Models with strong inductive biases (e.g., tree ensembles or margin-based methods)
are typically more data-efficient than highly parameterized neural networks, which often
require larger datasets to reach optimal performance. Interpretability refers to the extent
to which the model’s predictions and internal decision structure can be understood and
explained in physically meaningful terms.

A consistent data preprocessing and validation protocol was applied across all super-
vised learning models to ensure fair comparison and reproducibility.
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Data Cleaning and Preprocessing: Missing values in numerical features were han-
dled using either mean or median imputation, depending on feature skewness. Out-
liers were identified through interquartile range (IQR) analysis and retained unless clear
measurement errors were detected, as extreme values may carry physical significance in
sorption processes.

Feature Scaling: For models sensitive to feature scale (Linear/Logistic Regression,
SVR, and MLP), input features were standardized using:

scaled __ xif B ‘u] (27)

X
ij .
7j

where i; and 0; denote the mean and standard deviation of feature j computed from the
training set only. Tree-based models (Decision Tree, Random Forest, CatBoost, XGBoost)
were trained on unscaled features.

Train-Test Split and Cross-Validation: The dataset was partitioned into training and
test sets using an 80/20 split:

Dirain U Diest = D, Digain N Diest = 2. (28)

Model selection and hyperparameter tuning were performed exclusively on Diyain
using k-fold cross-validation (typically k = 5). Final performance was reported on the
held-out test set to estimate generalization performance.

Evaluation Metrics

Model performance was evaluated using standard metrics appropriate to the pre-
diction task, ensuring comparability across algorithms. For continuous water uptake
prediction, the following metrics were employed:

n
Mean Absolute Error (MAE): MAE = 1Y |y; — 7 (29)
i=1
Root Mean Squared Error (RMSE): RMSE = /1Y (y; — 7:)? (30)
i=1
n _7.)2
Coefficient of Determination(R?): R?>=1-— % (31)
i1 (vim

where 7 denotes the mean of the observed targets.

3. Results
3.1. Performance Metrics of the ML Models

Table 2 presents the performance of five algorithms, showing that MLP delivers the
highest predictive accuracy, with an R? value of 0.9148 and the lowest RMSE and MAE.
Overall, the neural network demonstrates robust performance, with both training and
validation losses reaching low values and converging, which signifies effective learning
and good generalization to unseen data. The consistently low MAE and RMSE values,
along with the high R? values, indicate excellent predictive capability across all datasets.
The high R? on the test set further confirms that the MLP performs well on previously
unseen data. The close alignment of these metrics across the three sets suggests that the
model generalizes effectively and does not exhibit signs of overfitting. The metrics for the
test set confirm that the model maintains its performance on completely unseen data. The
MLP network achieved the highest predictive accuracy because it can effectively capture
complex nonlinear relationships in high-dimensional spatial-temporal datasets. Tree-based
ensemble models such as Random Forest, CatBoost, and XGBoost typically perform well
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on tabular datasets but may struggle with highly nonlinear spatial patterns present in
adsorption processes [37].

Table 2. Performance comparison of five algorithms.

Model MAE (mm) RMSE (mm) R2?
CatBoost 6.7592 9.0051 0.6397
MLP 2.8311 4.3785 0.9148
SVR 13.5053 15.5059 —0.0680
Random Forest 6.9690 9.0638 0.6350
XGBoost 7.1103 9.1468 0.6283

Hyperparameter tuning for the MLP model was conducted using randomized search in
combination with 3-fold cross-validation, ensuring a reliable and computationally efficient
hyperparameter optimization process. The model employs a three-layer architecture
with decreasing layer widths, which was found to capture the nonlinear relationships
in the data while maintaining generalization performance. To mitigate overfitting, early
stopping was employed during training using an internal validation split (15% of the
training data). Additionally, L2 regularization (=1 x 10~%) is applied to further improve
generalization. The combination of early stopping and L2 regularization proved sufficient to
control overfitting in our experiments. This configuration achieved the best cross-validated
performance and demonstrated strong generalization on unseen data (Table 3).

Table 3. Hyperparameters for the best-performing MLP.

Hyperparameter Optimized Value
Hidden layer sizes (512, 256, 128)
Activation function ReLU

Solver Adam
Learning rate 0.0005
Batch size 32
L2 regularization () 0.0001
Maximum iterations 5000
Early stopping Yes
Validation fraction 0.15
Random seed 42

3.2. Training Results for Water Uptake

Figures 6-8 compare the water uptake distributions obtained from numerical sim-
ulations with those predicted by the MLP model (green line) for fin lengths of 10 mm,
25 mm, and 35 mm. The results are presented in a grid layout, with each panel corre-
sponding to a specific time step. These images illustrate the evolution of the sorption
process, and three representative water uptake values 0.17, 0.19, and 0.22 kg, / kg, .sit
are selected, corresponding to approximately 65%, 73%, and 85% of the zeolite’s total
adsorption capacity.
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Figure 6. Comparison between simulation (black lines) and MLP training (colored lines) when the fin
length is 10 mm.
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https://doi.org/10.3390/en19071619


https://doi.org/10.3390/en19071619

Energies 2026, 19, 1619

16 of 22

50

30

20

10

50

30

20

10

50

30

20

10

Time = 110

Time = 40 Time = 70

30 40 50 60
z

Time = 80

30 40 50 60
r4

Time = 100

50

30

20

10

30 40 50 60
Z

30 40 50 60
r4

Time = 130

Time = 120

50

30

20

20

10

o

Figure 8. Comparison between simulation (black lines) and MLP training (colored lines) when the fin
length is 35 mm.

The contours show strong water uptake gradients at initial stages, which gradually
diminish as the system approaches thermal equilibrium. As expected, the sorption process
proceeds more rapidly with increasing fin length, as longer fins enhance heat transfer by
extracting more heat from the zeolite. Consequently, the complete adsorption time (CAT)
is shortest (approximately 130 min) for a fin length of 35 mm. Overall, the numerical
simulation results strongly agree with the ML predictions, indicating that the model effec-
tively captures the process evolution and generalizes well across time. Minor discrepancies
are observed at initial and final stages, where ML predictions slightly deviate from the
simulations, likely due to training limitations or complex transient behavior. Despite these
localized differences, the ML model demonstrates strong predictive performance and ro-
bustness in handling complex thermal dynamics. Furthermore, the water uptake front
exhibits a more complex profile due to adsorption occurring near the fin walls compared
with regions farther from the fins.

The fin geometry and its impact on local heat transfer generates intricate water uptake
patterns that are challenging for the MLP model to predict with high precision. As a result,
the training error is slightly increased, as evidenced by minor deviations between the
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predicted curves and the actual (black) line. Nevertheless, despite these deviations, the
model successfully captures the overall trend and general shape of the water uptake front.

3.3. ML Prediction Results

The trained ML model is then applied to predict the evolution of the water uptake for
fin lengths of 20 mm and 30 mm (Figures 9 and 10). Although full numerical simulations for
these cases take approximately 30 min of computational time (excluding geometry creation,
meshing, and related steps), the ML model produces predictions in just a few seconds,
leading to a substantial reduction in computational cost. Shen et al. [38] reported similar
findings, demonstrating the efficiency and accuracy of ANN models in predicting numerical
simulation results and highlighting their potential to significantly reduce simulation time
while maintaining high accuracy. In addition to this efficiency gain, the model demonstrates
good predictive accuracy. Figures present prediction results, showing a close agreement
between the ML predictions and the numerical simulation results across all time intervals.
This strong alignment highlights the robustness of the model and its ability to predict
system behavior rapidly and accurately under new conditions. The consistent match
throughout the process confirms the model’s high accuracy in forecasting water uptake
in the sorption system. Like in the training cases, slightly higher prediction errors are
observed during the early stages due to the complex evolution of the loading near the fin
walls, for instance, a small part of the contour line associated with X = 0.22 is observed
within the fin region that is related to prediction errors. Despite this initial discrepancy,
the overall predictive performance of the model remains strong. In the initial absorption
stage, the loading curve has a two-wave shape due to its proximity to the fins, and over
time, it changes to a more uniform spatial distribution, thus showing a smoother trend
(X'=0.19 for example). It is evident that increasing the fin length has a significant impact on
the adsorption rate. A comparison of the two figures shows that the adsorption process is
faster for a fin length of 30 mm. Overall, the prediction results demonstrate higher accuracy
for slower adsorption processes; consequently, lower prediction errors are observed for
cases with shorter fin lengths.

Another notable observation is that the adsorption rate on the left side of the domain
is higher than that on the right side. This behavior is clearly illustrated in the figures and
becomes more pronounced as time progresses. The primary reason for this phenomenon is
the direction of the HTF flow within the pipe, which enters from left to right. As a result, a
temperature gradient develops along the pipe, with lower temperatures at the inlet and
higher temperatures at the outlet. The cooler inlet region enhances the adsorption process,
leading to a higher adsorption rate on the left side of the domain. This spatial behavior is
successfully captured by machine learning models, as evidenced by the predicted contours,
which accurately reproduce the observed adsorption patterns.
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4. Conclusions

In this study, numerical simulations were conducted to analyze water uptake within
an enclosure containing two fins. The simulation results describe the temporal evolution
of water uptake for three different fin lengths (10 mm, 25 mm, and 35 mm), generating a
comprehensive dataset for training ML models and capturing the complex dynamics of
the sorption process. Several ML models, including CatBoost, MLP, SVR, Random Forest,
and XGBoost, were selected comparative analysis was conducted between them. Based
on performance metrics, the best-performing model was chosen. The main findings of the
research are summarized as follows:

e Among the evaluated machine learning models, the MLP neural network achieved
the highest predictive accuracy, with an R? value of 0.9148 and the lowest MAE and
RMSE values.

e  The trained MLP model successfully predicted water uptake for unseen fin geometries
(20 mm and 30 mm) with good agreement compared to numerical simulations.

e The machine learning approach significantly reduces computational time, pro-
ducing predictions in seconds compared with approximately 30 min required for
CFD simulations.
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e  The results demonstrate that ML models provide an efficient alternative for rapid
prediction and optimization of sorption-based thermal energy storage systems.

In summary, the MLP model represents a powerful complementary approach to
conventional numerical simulations, reducing the computational effort required to predict
the dynamic loading behavior of zeolite. Its high accuracy and strong generalization
capability make it a valuable tool in thermal engineering, providing significant advantages
in terms of cost efficiency, time savings, and design flexibility. Therefore, it constitutes a
promising avenue for future research and practical applications in thermal management
and related fields. Future work will focus on extending the ML framework to different
adsorbent materials, applying advanced ML models such as Gaussian Process Regression,
deep neural networks, or recurrent neural networks (RNN/LSTM) to improve prediction
performance, and expanding the dataset to include wider geometric variations.
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Abbreviations

The following abbreviations are used in this manuscript:

ANNSs  Artificial neural networks

CAT Complete adsorption time

CFD Computational fluid dynamics
cor Coefficient of performance
DNNs Deep Neural Networks

DOE Design of Experiments

FEM Finite element method

GBDT  Gradient boosting decision tree
GPR Gaussian Process Regression
HTF Heat transfer fluid

IOR Interquartile range

LDF Linear driving force

LHS Latent heat storage

MAE  Mean absolute error

ML Machine learning

MLPs  Multilayer perceptron neural networks
RMSE  Root mean squared error

RNN  Recurrent neural network

RSM Response Surface Methodology
SHS Sensible heat storage

SVR Support vector regression
TCES  Thermochemical energy storage
TES Thermal energy storage
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