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ABSTRACT Natural gas boilers are commonly used to fulfill the heated water and steam requirements
needed for running specific processes inside oleochemical factories. The vast usage of natural gas boilers
results in significant greenhouse gas emissions. Therefore, solar heat for industrial process (SHIP) systems
are being introduced around the world as a clean alternative source of energy for supplying heated water and
steam. Optimizing these SHIP industrial processes and consequent energy management requires accurate
thermal energy forecasting. In this study, the thermal energy forecasting of a large-scale SHIP system was
performed. This SHIP system was installed at an oleochemical factory in Johor Bahru, Malaysia. A deep
learning method (LSTM) was proposed for an hour-ahead forecasting of the SHIP system output on a
quarterly basis for a one-year duration. The performance of LSTM was compared with other machine
learning methods, namely Support Vector Regression, Random Forest, Decision Tree, and XGBoost. Finally,
three hybrid models (PSO-LSTM, GA-LSTM, SSA-LSTM) were developed using different parameter
optimization techniques to tune the hyperparameters of the developed deep learning method (LSTM) in
order to enhance its forecasting accuracy. Themodels were evaluated based on their predictive accuracy using
metrics such as R2, MAE, correlation coefficient (r), and MSE. While all models demonstrated comparable
accuracy in terms of R2, MAE and r, the PSO-LSTM model notably excelled in reducing MSE, suggesting
a superior capability in managing large prediction errors and outliers. However, in terms of runtime, the
GA-LSTM model significantly outperformed the others. These findings indicate that while the models
share similar predictive accuracies, their practical application might be differentiated by considerations of
computational efficiency.

INDEX TERMS Thermal energy, forecasting, solar heating, artificial neural networks, long short-term
memory, recurrent neural networks.

I. INTRODUCTION
Thermal energy forecasting predicts heat-load demand ahead
of time, enabling better system control, reduced waste, and
greater integration of renewable sources. By making the
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necessary adjustments to heating systems, the objective is
to minimize energy waste and maximize energy efficiency.
Numerous techniques, such as machine learning algorithms,
mathematical models, and weather-based forecasting sys-
tems, can be used to forecast thermal energy.

This study evaluates solar thermal energy produced by a
Solar Heat for Industrial Processes (SHIP) system in Johor,
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Malaysia; SHIP systems utilize solar thermal collectors to
generate hot water or steam for industrial processes, thereby
reducing fossil fuel use. The industrial sector, accounting for
nearly 50% of energy consumption emissions [1], is partic-
ularly significant in Malaysia at 48.8% of total demand [2].
The International Renewable Energy Association (IRENA)
estimates SHIP systems could meet 15EJ of 173EJ indus-
trial needs by 2030 [3]. Malaysia receives an average daily
solar radiation of 4500kWh/m2 and ample sunlight, averaging
10 hours per day, meaning it is situated in an ideal location to
take advantage of solar energy to its fullest and to effectively
carry out this study [4]. This is supported by Malaysia’s
tropical climate near the equator, featuring high humidity
of between 80 to 90% and consistent temperatures ranging
from 18 to 32◦C, ensuring abundant solar irradiation year-
round [5], [6].

This study evaluates the performance of various machine
learning algorithms for thermal energy forecasting in a Solar
Heat for Industrial Processes (SHIP) system in Malaysia.
Algorithms including Support Vector Regression, Random
Forest, Decision Tree, XGBoost, Artificial Neural Net-
works, and Long Short-Term Memory are implemented and
compared.

Mathematical models, such as Numerical Weather Predic-
tion (NWP), are widely used to predict and simulate weather
conditions by assessing various factors. NWP can produce
accurate day-ahead GHI estimates in clear conditions but
performs worse under overcast skies [7]. Machine learning
(ML) has advanced thermal energy forecasting, particularly
for micro-grids [8], [9], where accurate predictions balance
energy production and consumption more effectively than
in large-scale grids. For heat-intensive systems like HVAC,
which are notoriously inefficient, ML approaches like deep
belief networks improve efficiency and reduce computa-
tional costs [10], [11], while short-term forecasts minimize
reliance on polluting standby plants [12]. Across forecast-
ing tasks, a few patterns emerge from comparative studies
and reviews. Ensemble and tree-based methods (Random
Forest, XGBoost) have shown strong performance for irra-
diance and solar-output prediction (often leading in R2 and
RMSE after hyperparameter tuning via RandomSearch Cross
Validation or Optuna) [14], while kernel and feedforward
approaches (SVR, MLP) can outperform others in some
time-series applications when optimized (e.g., grid search),
as seen in SVR andMLP outperforming XGBoost and LSTM
for stock market forecasting [13]. Neural approaches, includ-
ing ANNs, LSTMs, and hybrid CNN-LSTM architectures,
have delivered especially promising results for short-term
thermal and irradiance forecasting and for predicting col-
lector inlet/outlet temperatures (a hybrid CNN-LSTM study
reported MSE = 5.061 MWt and MAE = 2.871 MWt
in Zhangbei) [17], [30]. Similar optimization techniques
have also been applied to LSTM variants in other domains,
such as using Tree-Structured Parzen Estimator (TPE) with
Self-Attention Bidirectional LSTM for attack detection in

Industrial Internet of Things (IIoT) networks, achieving high
accuracy in cybersecurity intrusion detection [18]. Compara-
tive and review studies highlight that model ranking depends
strongly on forecast horizon, feature selection, preprocessing,
and hyperparameter search, and that multi-criteria evalua-
tion is often required to select the best method for each
phase of deployment (e.g., favoring Multi-linear Regression
for pre-processing and implementation in building thermal
demand assessments) [19], [20], [29]; for example, [20]
reviewed PV forecasting techniques (e.g., ARIMA, MLPNN,
RNN, RBFNN, ELM, CNN, DCNN, RBM, DBN), con-
cluding ANNs (especially CNN hybrids) excel in short-term
horizons, influenced by inputs, weather, and optimizations,
aligning with [21], [22], and [23] where neural networks out-
performed statistical models for solar energy. A broader range
of algorithms (AdaBoost, Echo State Networks, SARIMA,
etc.) has also been explored for energy demand forecast-
ing [24], [25], [26], highlighting that no single algorithm uni-
versally dominates. Furthermore, performance can degrade
with longer timestamps or sudden peaks, pointing to the need
for robust datasets and careful model design, as noted in
declining accuracy for LSTM, CNN, and GRU models dur-
ing consumption peaks in residential load forecasting [31].
In addition to forecasting accuracy, secure communication
in IoT-enabled SHIP systems is crucial, such as lossless
data-hiding schemes for urban sensor networks that ensure
privacy during data transmission, as well as the demonstration
of lossless schemes using histogram transformation for 6G
IoT environments [27], [28]. Regionally, Malaysian stud-
ies found ANNs capable of accurate PV power prediction
using a small set of inputs (irradiance, temperature) but rec-
ommended ensemble/regularization techniques to mitigate
overfitting, while LSTM applications to SHIP parameters
achieved low RMSEs in specific deployments [29], [30].
Finally, several works caution about limits, pointing out that
recurrent and convolutional models can degrade when fore-
casting over longer timestamps or during sudden peaks, high-
lighting the need for large, representative datasets and careful
model design for reliable operational deployment [31].

Current existing literature does extensively cover solar
thermal energy forecasting, along with comparative analyses
of various ML models in this application with datasets of
varying sizes. Despite the presence of various regional studies
using ML models to forecast solar thermal energy in the
southeast Asian region, there is a need for further analysis
and comparison ofML regressionmodels using large datasets
within the climate of Malaysia, as most existing literature
either centered around this task do not carry out a comparative
analysis of various ML regression models or utilize compar-
atively small datasets, leading to questions of scalability and
large-scale applicability. In this paper, we address this need by
building several regression models, training and testing them
using a large dataset of solar thermal energy collected here
in Malaysia, and ultimately evaluating their performances to
determine which model is best suited to the task.
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The arrangement of the sections of this paper is described
as follows. The methodology, detailing the collection of data
as well as the split of the data into various quarters, along with
the preprocessing and partitioning of the dataset into training
and test sets, is described in Section II. This section also cov-
ers the basic descriptions of the various models built, along
with the techniques utilized for hyperparameter optimization.
The performance evaluation metrics are also described in
this section. Section III outlines the results obtained from
the training and testing of the models in accordance with the
performance evaluation metrics outlined in Section II, as well
as the results obtained from the hyperparameter optimization.
Section IV concludes the paper, highlighting which model
performs the best for the given task, along with any accom-
panying findings.

II. METHODOLOGY
This section details the methods and procedures carried out
throughout this study. Firstly, the software platform used
for programming and coding of the various algorithms is
described, followed briefly by the partitioning of data into
training data and testing data. We also go through the perfor-
mance metrics that will be used to evaluate the performance
of each algorithm and model.

The software utilized to carry out the coding and evaluation
for each of the algorithms is MATLAB. The dataset we
are using here was acquired from a solar heat and indus-
trial process (SHIP) system installed and commissioned at
one of the oleochemical process industries in Pasir Gudang,
Johor, Malaysia. Forecasting is usually divided into three
categories, based on predictive duration, namely, short-term,
medium-term, and long-term [32]. This paper mainly focuses
on short-term energy forecasting because it considers hourly
prediction using hourly energy data.

A. DATASET UTILIZED
The data collected consists of a total of 3,960 hourly gener-
ated solar heat energy reading entries from two separate heat
meters, respectively designated H1 for ‘useful energy’ and
H2 for ‘delivered energy,’ over a four-quarter period (Q1, Q2,
Q3, Q4) in a year. Q1 consists of data collected over a three-
month period, spanning January to March. The other quarters
likewise span a similar time period of three months each, with
Q2 being from April to June, Q3 from July to September, and
Q4 from October to December. For each quarter, the data was
split at a ratio of approximately 70% to 30% for training and
testing, respectively, amounting to 693 entries for training and
297 entries for testing per quarter. This partitioning is applied
separately in different executions of the code for each quarter,
resulting in aggregated totals of 2,772 entries for training
and 1,188 entries for testing across all quarters. The same
per-quarter partitioning approach is used in all of the models
utilized in this study. Upon training and testing, the results
of the algorithms and models were evaluated based on the
various performance evaluation metrics outlined in section K.

The measurements of solar heat energy from the heat
meters serve as the target variable for our model, with sep-
arate modeling performed for H1 (useful energy) and H2
(delivered energy). In addition to the targets, we selected four
key features for our models to train and be tested on. Those
features are solar irradiation (captured via a pyranometer),
supply temperature, collector inlet temperature, and collector
outlet temperature, as depicted in Fig. 1. In addition to these,
there were four timestamp columns in the dataset (hour, day,
month, year). We excluded these from the regression because
the year column is constant and therefore contains no infor-
mation, while day and month showed negligible correlation
with the energy targets once measured solar irradiance and
temperature measurements were included.

FIGURE 1. Features and targets of SHIP system data.

These variables provide essential context regarding the
physical processes involved in heat capture and transfer
within the system. Each feature is recorded at the same hourly
intervals, enabling the model to leverage sequential temporal
patterns inherent in the time-series data.

For data preprocessing, prior to model training, the
dataset underwent z-score standardization, ensuring numer-
ical stability and enhanced convergence, especially for
gradient-based models like XGBoost, while preserving the
original data distribution. Outlier detection was applied to
each quarter’s training targets for H1 (useful energy) and
H2 (delivered energy) using three separate methods suited
to the time-series data, namely, median absolute deviation
(MAD), generalized extreme studentized deviate (GESD),
and t-distributed Stochastic Neighbor Embedding (t-SNE).

For our implementation and dataset, the median abso-
lute deviation (MAD) method, with a threshold of 3 times
the MAD, and the generalized extreme studentized deviate
(GESD)method, iteratively identifying up to 10%of points as
outliers with a significance level of 0.05, found no anomalies
across all quarters for both targets, indicating robust sensor
data in the oleochemical factory setting. Exploratory t-SNE,
configured with 2 dimensions and a perplexity of 30 to bal-
ance local and global structure in the 693-sample quarters,
visualized multivariate data; H1 showed isolated points in
Q2 (7.07%) and Q4 (3.03%), while H2 exhibited higher rates
across Q1 (7.07%), Q2 (5.19%), and Q3 (4.47%), and none in
Q4. This likely reflects delivery-specific variability like heat
losses.

As such, no additional imputation or outlier removal was
performed because the outliers reflected real operational
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TABLE 1. Quarterly outlier detection results for H1 and H2.

FIGURE 2. tSNE visualization of outliers for useful energy (H1) in Q2.

events relevant to forecasting performance in an industrial
setting, and we wished to evaluate model robustness to such
events.

Feature importance was assessed per quarter using tree-
based ensembles, offering insights into solar thermal fore-
casting factors in Malaysia’s tropical climate. The feature
importance values across the four quarters presented similar
patterns, and as such, we’ve averaged these values, as outlined
in Table 2.

Random Forest’s permutation importance, derived from
100 trees with out-of-bag error estimation, measured mean
squared error increases upon feature shuffling; for H1, solar
irradiation led (2.1779), followed by collector outlet temper-
ature (1.0643), while H2 showed a similar trend but with a
slightly lower solar irradiation average (2.1676) and elevated
collector outlet influence (1.1388) due to delivery dynamics,

FIGURE 3. tSNE visualization of outliers for delivered energy (H2) in Q1.

TABLE 2. Averaged feature importance metrics (Q1-Q4).

as can be seen in Fig. 4. XGBoost’s split-based importance,
based on 100 learning cycles with a maximum of 5 node splits
per tree, and SHapley Additive exPlanations (SHAP) val-
ues, computed via the shapley function with training data as
background and query points, reinforced this, whereby H1’s
solar irradiation averaged 1.7876 (split-based) and 18.0417
(SHAP), while H2’s was 1.6976 (split-based) and 15.8728
(SHAP). Overall, these results illustrate solar irradiation as a
dominant feature, modulated by temperature effects varying
between energy capture (H1) and delivery (H2), with collec-
tor outlet temperature a relatively close second.

B. FLOW PROCESS OF SHIP SYSTEM
The Solar Heat for Industrial Process (SHIP) system consists
of three arrays of ETCs, which were installed on the rooftop
of the boiler section of the factory.

FIGURE 4. Side view of solar panel array.

The specific installation of the ETC array is shown in
Fig. 4. The technical specifications of the specific ETC con-
figuration are presented in Table 3.
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TABLE 3. Specifications of CPC 1518 ETC panel.

The schematic representation of the flow process of a SHIP
system can be seen in Fig. 5. A typical SHIP system usu-
ally comprises a heat exchanger, piping, hot and cold-water
storage tanks, a PLC-based control and monitoring system,
and a water circulation pump with a power supply as a
basic configuration. The two types of solar collectors most
frequently used for low to medium temperature industrial
and domestic water heating applications are evacuated tube
collectors (ETC) and flat plate collectors (FPC). To allow
energy to build up, these solar collectors are connected to
thermal storage devices. Thus, energy delivery is made pos-
sible during the daytime hours when solar irradiation is at its
peak.

FIGURE 5. Flow process of SHIP system.

The first step of the process is carried out by supplying
cold water into the cold-water tank, which has a 20m3 storage
capacity. The first water pump will then pump the water from
the aforementioned cold-water tank to the heat exchanger.
A second water pump will subsequently pump the water from
the heat exchanger to the array of solar panels before circu-
lating it back heat exchanger. During this described process,
the flow rate of both water pumps is fixed at 6.5 m3/hour.
In the final step, the generated hot water is channeled from
the heat exchanger to the hot water tank, which has the same
storage capacity as the cold-water tank. A third water pump
is then used to channel the water from the hot water tank
to the oleochemical factory process. The PLC’s ladder logic
software can only be used to control Pumps 01 and 02. When
the solar irradiation is equal to or higher than 100 Wh/m2,

both of these pumps are turned on. They are deactivated when
the temperature differential between the solar panel’s intake
and output is less than 3◦C. There are heat meters installed
in two different locations to monitor delivered energy (H2)
and useful energy (H1). The first heat meter is located at
the ETC array loop and measures the useful energy (H1).
The second heat meter is located just before the hot water
tank’s final delivery, and measures delivered energy (H2).
These heat meters can produce the energy value in kWh
instantaneously and are equipped with flow and temperature
sensors. An ultrasonic level sensor is mounted on top of
the hot water tank to keep track of the water level within.
In various places, five distinct temperature sensors are in use.
Additionally, a pyranometer is placed on the rooftop close to
the ETC array to track the solar irradiance.

C. MEASUREMENT AND MONITORING USING
INDUSTRIAL INTERNET OF THINGS (IIoT)
Using a cloud-based application, an Industrial Internet of
Things (IIoT) systemwas set up to remotelymonitor the SHIP
system’s parameters. A programmable logic controller (PLC)
is used for the task of data logging. It is interfaced to a range
of sensors, as measurements are taken every five minutes.
The measurements are then sent to the cloud via an IIoT data
gateway. Table 4 displays the equipment catalogue for this
SHIP system.

TABLE 4. Equipment breakdown for SHIP system.

At various points along the SHIP system, three panels
stored in weather-proof enclosures are utilized. Every one
of these panels is intended to manage a certain SHIP system
function. The first panel is connected to heat meter 01, pump
01, and pump 02, and is situated close to the heat exchanger.
A power supply, PLC, Ethernet switch, touch HMI, IIoT
gateway, relays, and magnetic contacts for the circulation
pumps are all included in one panel. The second panel is
situated on the rooftop and is equipped with a power supply
and PLC IO module that are linked to a pyranometer, surface
temperature sensor, wind speed and direction sensor, and
water level sensor. In addition to this, a power supply and a
PLC IO module are connected to heat meter 02. A hot water
temperature sensor and a cold-water temperature sensor can
also be found on the third panel, which is situated close to the
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hot water tank. The SHIP System is monitored both locally
and remotely viaAdafruit IO. This is an IoTweb platform that
allows for dashboard display, logging, and general process
control, as can be seen in Fig. 6.

FIGURE 6. Adafruit IO for SHIP system.

D. SUPPORT VECTOR REGRESSION (SVR) MODEL
FORECASTING
Support Vector Regression (SVR) extends Support Vector
Machines (SVM) to regression by finding a function f (x)
that approximates input-output relationships within an error
margin ϵ, while minimizing function complexity. This is
achieved through convex optimization, minimizing

1
2

∥ w ∥
2

+C
∑

(ξi + ξ∗
i ) (1)

subject to

| yi − ⟨w, xi⟩ − b |≤ ϵ + ξ
(∗)
i (2)

and ξ
(∗)
i ≥ 0, where w is the weight vector, b the bias, and

slack variables allow deviations. SVR excels in nonlinear
time-series forecasting due to kernel flexibility.

Our SVR model was implemented using MATLAB’s
‘fitrsvm’ function with a Gaussian kernel for non-linear
mapping, and standardization enabled to scale features.
No explicit hyperparameter tuning was performed, and the
default values for epsilon (0.1) and box constraint (1) were
used, focusing on baseline performance.

E. DECISION TREE MODEL FORECASTING
Decision Tree regression is a non-parametric algorithm for
continuous prediction, splitting data into subsets based on
feature values to form a tree structure. It subdivides the
input space into regions R1, R2, . . . , Rn, predicting the mean
target value per region to minimize the loss function outlined
in Eq. 3

Cost (T ) =

∑n

j=1

∑
i∈Rj

(
yi − ˆyRj

)2 (3)

where T is the tree, n the terminal nodes, yi the actual value,
and ŷRj the regional mean. Like SVR, DT handles complex
nonlinear relationships in forecasting.

Our decision tree used ‘fitrtree’ with a minimum leaf
size of 5 to control overfitting. No additional tuning was
conducted, employing default settings for the split criterion
(MSE) and surrogate splits.

F. RANDOM FOREST MODEL FORECASTING
Random Forest is an ensemble learning method that builds
multiple decision trees and aggregates their predictions (via
averaging in regression) to enhance accuracy and reduce
variance.

As shown in Fig. 7, individual trees generate predictions,
which are averaged for the final output. Consequently, given
that it is a combination of several decision trees, it is expected
to provide overall superior predictions to the decision tree
algorithm.

FIGURE 7. Random forest algorithm architecture.

For our model, we trained an ensemble of 100 regression
trees using MATLAB’s TreeBagger with out-of-bag predic-
tion enabled. Other TreeBagger settings, like the number
of predictors sampled per split, were left at their defaults.
We used rng (1) to keep the ensemble deterministic for
repeated experiments.

G. XGBoost MODEL FORECASTING
eXtreme Gradient Boosting (XGBoost) is a gradient boosting
ensemble algorithm that iteratively adds base learners (trees)
tominimize errors, combining predictions for improved accu-
racy. It optimizes an objective with a loss function and a
regularization term outlined in Eq. 4

L (θ) =

∑n

i=1
l
(
yi,

ˆy(t)i

)
+

∑t

k=1
� (fk) (4)

where l measures prediction error, ŷ(t)i is the t-th iteration’s
output, and�(fk ) penalizes tree complexity. At every step, the
algorithm aims to minimize the objective as outlined in Eq. 5

L(t)
≈

∑n

i=1

[
gift (xi) +

1
2
hift (xi)2

]
+ � (ft) (5)

with gi, hi as first/second derivatives of the prior loss, focus-
ing new learners on residuals while regularization controls
overfitting.

The usual ‘XGBoost’ function that is used to create this
model is not readily available in MATLAB, as was the case
with the other models. As such, we utilized a Least Squares
Boosting (LSBoost) method to create a custom XGBoost
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function. Since the goal is to minimize the error at each
step by sequentially fitting models to the residuals of the
previous model, LSBoost is ideal here as it works by sequen-
tially adding trees to achieve this desired goal. The other
two hyperparameters that we’ve configured in this model
are MaxNumSplits and NumLearningCycles. The MaxNum-
Splits controls the maximum number of splits for each tree
node, thereby influencing complexity, and is set to 5 in our
model. The NumLearningCycles, on the other hand, deter-
mines the number of boosting iterations to be added to the
model. This is set to 100.

H. ARTIFICIAL NEURAL NETWORK MODEL FORECASTING
In this section, a basic ANN model was built for the fore-
casting task, utilizing the Levenberg-Marquardt algorithm for
training. As depicted in Fig. 8, the model was built with
4 input dimensions, corresponding to the 4 features in the
dataset. This is accompanied by a fully connected hidden
layer with 10 neurons, each of which applies a weighted sum
followed by a nonlinear activation function, the output H of
which is given by Eq. 6

H = σ (W1X + b1) (6)

where W1 ∈ R10∗4 denotes the weights connecting the input
to the hidden layer, b1 ∈ R10, the biases of the hidden layer,
and σ (.), the activation function. The output Y of the output
layer is given by Eq. 7

Y = (W2H + b2) (7)

where W2 ∈ R1∗10 represents the weights connecting the
hidden layer to the output layer and b2 ∈ R1 denotes the bias
of the output layer. No look-back window was applied, as the
feedforward architecture treats inputs as independent.

The other parameter of note is the learning rate, which is
dynamically adjusted during training based on performance,
owing to the usage of the Levenberg-Marquardt function. The
batch size corresponded to the full training set of 693 samples
per quarter for gradient updates. Within those 693 samples,
we set the model to internally divide the data randomly into
70% training, 15% validation, and 15% internal test sets,
and the validation set was used to monitor performance and
enable early stopping. The maximum number of epochs was
set to 1000.

I. LONG SHORT-TERM MEMORY MODEL FORECASTING
Long Short-Term Memory (LSTM) is a recurrent neural net-
work (RNN) variant designed to address vanishing gradients
in traditional RNNs by leveraging feedback connections to
capture temporal dependencies in sequence data. The LSTM
model for our forecasting task features a sequence input
layer with 4 dimensions, corresponding to the input features,
a single LSTM layer with 151 hidden units, a fully connected
layer for 1 response, and a regression layer. For a time step t ,
the LSTM layer is described by Eq. 8.

it = σ (Wi · [ht−1, xt ] + bi)

FIGURE 8. Neural network architecture for ANN.

ft = σ
(
Wf · [ht−1, xt ] + bf

)
Ct = ft ⊙ Ct−1 + it ⊙ tanh (Wc · [ht−1, xt ] + bc)
ot = σ (Wo · [ht−1, xt ] + bo)

ht = ot ⊙ tanh (Ct) (8)

where ht−1 is the prior hidden state, xt , the current input,
Ct the cell state, and it , ft , ot respectively denote the input,
forget, and output gates; σ denotes sigmoid activation, tanh
the hyperbolic tangent, and ⊙ element-wise multiplication.
Training employed the Adam optimizer with a 1-step look-

back for hourly ahead predictions, 205 maximum epochs,
a gradient threshold of 1, an initial learning rate of 0.0038,
and a piecewise schedule dropping the rate every 85 epochs
by a factor of 0.9613; the default mini-batch size was 128.

J. PARAMETER OPTIMIZATION
In this section, we describe the parameter optimization per-
formed on the LSTM model at each iteration and quarter in
order to maximize its performance. Three optimization tech-
niques have been chosen for this task, namely Salp Swarm
Algorithm (SSA), Genetic Algorithm (GA), and Particle
Swarm Optimization (PSO), from which the best algorithm
for the task will be highlighted. The respective parameters to
be tuned are the number of hidden units (x1), max epochs
(x2), initial learning rate (x3), learning rate drop period (x4),
and the learning rate drop factor (x5). Some of these hyperpa-
rameters are abbreviated in Tables 8 to 11 as Initial LR (Initial
Learning Rate), Drop Period for LR (Drop Period for Learn-
ing Rate), and LR Drop Factor (Learning Rate Drop Factor).
The range for determining the optimal hyperparameters was
confined to the following intervals:

10 < x1 < 300
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50 < x2 < 500

0.001 < x3 < 0.01

50 < x4 < 200

0.8 < x5 < 1.

1) GENETIC ALGORITHM
Genetic Algorithm (GA), as the name may indicate,
is inspired by the principles of natural selection, where the
fittest organisms survive and reproduce to form successive
generations with improved adaptability and survivability.
In this study, GA is employed to determine the ideal
specifications of the previously described hyperparameters
for the proposed deep learning-based method, within the
previously specified constraints. The GA operates by gen-
erating an initial population of solutions randomly within
the defined constraints. The algorithm proceeds through five
key stages: population initialization, selection, crossover,
mutation, and convergence. Each stage requires specific
parameters, namely, population size, crossover rate, extra
range factor for crossover, mutation rate, maximum number
of generations, and number of mutants. The specific parame-
ters used in this study are outlined in Table 5.

TABLE 5. Genetic algorithm parameters.

The GA, by combining and mutating the selected chromo-
somes, is able to evolve the population iteratively. By mini-
mizing the value of the following fitness function, outlined in
Eq. 9

F =

∑
λ1

(1 − ATM )2 +

∑
λ2

(ATM )2 (9)

where, F represents the fitness function, λ1 and λ2, the wave-
lengths, and ATM , the absorption value, this procedure seeks
to determine the ideal hyperparameter configuration, which
should enhance the overall forecast performance for the solar
thermal parameters [33], [34], [35].

2) PARTICLE SWARM OPTIMIZATION
Particle Swarm Optimization (PSO), much like GA, takes
inspiration from nature and utilizes a population-based
algorithm inspired by the social behavior of some groups of
animals, like a flock of birds or schools of fish. It tackles
optimization problems by initializing a swarm of particles,
each representing a potential solution to the problem or a
point in the search space. Each particle has two notable

properties: the position, which represents the current solution
it embodies, and the velocity, which determines how it moves
through the search space. Each particle then proceeds to
update its position based on its own best-known position and
the best-known position of the entire swarm [36], [37], [38].
Based on their individual experiences as well as the collective
experience of the swarm, particles change their velocity at
each iteration. This can be mathematically represented as
follows in Eq. 10

X2 = X1 + V2
V2 = ωV1 + c1r1 (Pbest − X1) + c2r2 (gbest − X1) (10)

where X1, X2, V1, V2, c1, c2, ω and r respectively represent
the current position, new position, current velocity, new
velocity, positive acceleration, constant acceleration, inertia
weight, and random values, the specific values of which are
outlined in Table 6.

TABLE 6. Particle swarm optimization parameters.

The PSO algorithm continuously improves solutions by
iteratively updating the positions and velocities of the par-
ticles. The same fitness function that was described in the
section on GA is used to assess each particle’s fitness. This
iterative process will continue until a termination criterion,
such as reaching the maximum number of iterations or attain-
ing an acceptable solution quality, is met.

3) SALP SWARM ALGORITHM
The Salp Swarm Algorithm (SSA), similar to the GA and
PSO, is inspired by the behavior of organisms found in nature.
It specifically mimics the collective behavior of salps, marine
organisms that form chains in the ocean while navigating to
improve their movement and navigation. A SSA consists of
a population of salps, where each salp represents a poten-
tial solution in the search space. This population is usually
divided into two types of agents, namely the leader and the
follower. The leader, representing the first salp in the chain,
explores the search space while the followers, representing
the rest of the salps in the chain, adjust their positions based
on the leader’s movements. The algorithm operates itera-
tively, where the leader’s position is updated based on a food
source, which is represented by the fitness function. The
algorithm defines the food position as the optimal solution
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in the search space, which is determined by evaluating the
fitness of each salp, and the positions of both aforementioned
agents are updated thereafter. This dynamic allows the swarm
to explore and exploit the search space effectively, ultimately
converging towards the best solution identified so far [39],
[40], [41]. The specification of the parameters that influence
the SSA’s performance is outlined in Table 7.

TABLE 7. Salp swarm algorithm parameters.

The optimized hyperparameters that were obtained using
each of the algorithms (GA, SSA, PSO), across the
four quarters, will vary, and are displayed in Tables 8
through to Table 11. The forecasting accuracy of the model
after applying the optimized parameters is outlined in
Tables 25 to 28.

TABLE 8. Optimized hyperparameters for Q1.

TABLE 9. Optimized hyperparameters for Q2.

K. PERFORMANCE EVALUATION METRICS
The first performance metric used to evaluate the perfor-
mance and accuracy of each model is theMean Squared Error
(MSE), which is described in Eq. 11:

MSE =
1
n

∑n

i=1

(
yi − ŷi

)2 (11)

TABLE 10. Optimized hyperparameters for Q3.

TABLE 11. Optimized hyperparameters for Q4.

Mean Squared Error (MSE) is a performance metric that
calculates a quantitative difference between the estimated
predicted value (ŷi) and the actual true value (yi). In doing so,
it effectivelymeasures how close a regression line is to a set of
data points. RootMean Square Error (RMSE), the square root
of MSE, provides an interpretable scale in the same units as
the target variable, emphasizing larger errors more thanMAE
and facilitating comparison across datasets.

The other performance metric is the Coefficient of Deter-
mination (R2). It estimates how well the model fits the data
by assessing the proportion of variance in the dependent
variable that can be explained by the independent variables.
It is mathematically outlined in Eq. 12

R2 = 1 −

∑ (
yi − ŷi

)2∑
(yi − ȳ)2

(12)

where, much like the MSE, ŷi denotes the predicted value, yi,
the actual value, and ȳ, the mean of the actual values.

Another performance metric we’ve used is the Pearson
Correlation Coefficient (r), which would further help us
quantify the linear correlation between the predicted value
and the actual value. It is denoted by Eq. 13

r =

∑n
i=1 (yi − ȳ)

(
ŷi − ¯̂y

)
√∑n

i=1 (yi − ȳ)2
√∑n

i=1

(
ŷi − ¯̂y

)2 (13)

where yi and ŷi represent the actual and predicted values,
and yi and ŷi, the respective means of the actual and pre-
dicted values. Here, a value of +1 expresses a positive
linear relationship, -1 signifies a negative linear relationship,
and 0 indicates that there is no linear correlation. As such,
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the closer r is to either +1 or -1, the stronger the linear
relationship.

The final performance metric used is the Mean Absolute
Error (MAE), which evaluates the average absolute difference
between the actual value and the predicted value. It is less
sensitive to outliers in the dataset when compared to the
MSE performance metric, owing to the fact that it does not
differentiate between overestimations and underestimations.
It is expressed as follows in Eq. 14

MAE =
1
n

∑n

i=1

∣∣yi − ŷi
∣∣ (14)

whereby, much like MSE, yi and ŷi respectively denote the
actual and predicted values.

III. RESULTS & DISCUSSION
The experimental outcome, along with the significance of the
performance of each algorithm andmodel, is discussed in this
section.

The performance in forecasting of useful energy and deliv-
ered energy in Q1 was very good in terms of R2 and MSE for
each and every model, with every single model yielding an
R2 of above 0.96 and with no model exceeding a MSE of 36.
Across the board (H1 and H2), the models that performed
the best in terms of both MSE and R2 were SVR, ANN, and
LSTM, with each having an R2 of above 0.98 and a MSE of,
at most, 16.8, as can be seen in Table 12 and Table 13.

TABLE 12. Forecasting results of useful energy (H1) for Q1.

TABLE 13. Forecasting results of delivered energy (H2) for Q1.

The Decision Tree model, while good, performed the low-
est out of the bunch, as outlined in the tables above.

In the second quarter (Q2), the task of forecasting both the
useful energy (H1) and the delivered energy (H2) proved to

be much more challenging for the models, with some degree
of reduction in performance observed for almost every model
that was trained and tested.

TABLE 14. Forecasting results of useful energy (H1) for Q2.

TABLE 15. Forecasting results of delivered energy (H2) for Q2.

Despite this, however, the ANN and LSTM models were
able to give comparatively good results, showing the lowest
drop-off in R2 values, as well as the smallest increase inMSE.
This can be seen in Table 14 and Table 15. Both models
performed with similar results. Similar to the first quarter, all
of the models trained and tested on the data from the third
quarter performed relatively well, but still not quite as good
as Q1, with notably lower MSE results, and with no model
giving a coefficient of determination lower than 0.89.

TABLE 16. Forecasting results of useful energy (H1) for Q3.

We likewise see a similar trend to Q1 in Q3, where
the best-performing models were the ANN and the LSTM,
once again outperforming the traditional non-neural network-
based algorithms. Out of these, the best performing was
XGBoost, while the worst performing was the Decision Tree.
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TABLE 17. Forecasting results of delivered energy (H2) for Q3.

TABLE 18. Forecasting results of useful energy (H1) for Q4.

TABLE 19. Forecasting results of delivered energy (H2) for Q4.

In the final quarter (Q4), all of the models struggled with
accuracy in performance yet again, with the best performing
models, ANN and LSTM, being the only ones to returnMSEs
of below 100, and R2 of above 0.87, as outlined in Table 18
and Table 19.

The traditional regression algorithms all showed similar
performance in accuracy to Q2. In this instance, the best
performing model was the ANN model, with the LSTM
model performing to a similar but lesser degree in terms of
accuracy.

Additionally, we observe that neural network-based mod-
els, specifically, while often yielding better sequence pre-
diction accuracy, are substantially more computationally
intensive to train than tree-based models, which can be an
important consideration for industrial deployments with lim-
ited compute resources. This is especially the case for the
LSTM model, which had the highest average runtime of all
the models, as can be seen in Table 20.

TABLE 20. Average runtime of models (Q1-Q4).

As previously mentioned, the training and testing for each
of the models across the four quarters were done in a 70%
(training) to 30% (testing) split. Due to the inconsistency
in the performance levels and the accuracy displayed by
the various models within this configuration over the four
quarters, we applied the K-Fold Cross Validation technique to
each of the models to provide a more reliable and consistent
estimate of performance and accuracy for each of the models.
As recommended by [29], this technique should help reduce
overfitting and increase the generalization of the model.
K-Fold Cross Validation works by dividing the dataset into
k equally sized folds and using each fold as a validation set
while the remaining k − 1 folds are used for training [42].
In our application, k was designated as 5. As such, the pre-
viously described process was repeated a total of 5 times.
Following this, the MSE is calculated to get a mean value,
reflecting themodel’s overall accuracy. This technique is very
useful as it ensures that every data point is used for both
training and validation. The technique was in every model
for forecasting both useful energy (H1) and delivered energy
(H2), and the coefficient of determination, as well as theMSE
obtained, are outlined in Table 21 and Table 22.

TABLE 21. Forecasting results of useful energy (H1) using K-Fold cross
validation.

Using K-Fold Cross Validation, we can see a marked
increase in the accuracy and predictive capability of each
model. Every single model performed to a satisfactory level,
with even the lowest accuracy model, being the Decision
Tree, having an MSE of 61.6 and 48.3, and an R2 of 0.93 and
0.94 for H1 and H2, respectively. Interestingly enough, the
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TABLE 22. Forecasting results of delivered energy (H2) using K-Fold cross
validation.

TABLE 23. Average forecasting results of useful energy (H1).

neural network models, ANN and LSTM, that have consis-
tently outperformed every other model prior to K-Fold Cross
Validation, did not display the highest accuracy of the bunch,
with that being the SVR model, across both H1 and H2.
The ANN was only the second-best-performing model, and
LSTM, the fourth-best.

In addition to the results obtained from the performance
evaluation metrics, the validation of the LSTM model
can also be substantiated through an examination of the
model’s stability. Furthermore, for the optimized hybrid mod-
els, an analysis of the computational runtime can also be
employed to this end.

In evaluating the stability of the models, we propose calcu-
lating the mean values of various performance metrics across
the different quarters. This approach will provide a com-
prehensive view of each model’s performance. Specifically,
it will allow for the identification of models exhibiting the
least variability in the key statistical measures of R2, MSE,
RMSE, MAE, and the correlation coefficient r . By doing
so, we will obtain average scores for these metrics for each
model, pertaining to both the delivered and useful energy, and
gain a clear picture of which models are the most stable over
various quarters. These findings are detailed in Table 23 and
Table 24.

The results point to the ANN model demonstrating the
lowest amount of variance in terms of performance across
the four quarters, thereby making it the most stable in this
application. The LSTM model displays the second-best per-
formance in terms of stability, with results very similar to

TABLE 24. Average forecasting results of delivered energy (H2).

TABLE 25. Forecasting results of Q1 with optimized parameters.

TABLE 26. Forecasting results of Q2 with optimized parameters.

TABLE 27. Forecasting results of Q3 with optimized parameters.

TABLE 28. Forecasting results of Q4 with optimized parameters.

those of the ANN model, both of which marginally outper-
form all other models.

Using the previously described performance metrics,
the predictive accuracy results of the LSTM model with
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FIGURE 9. Forecast curve of PSO-LSTM of useful energy (H1) for Q1.

FIGURE 10. Forecast curve of GA-LSTM of useful energy (H1) for Q1.

FIGURE 11. Forecast curve of SSA-LSTM of useful energy (H1) for Q1.

optimized parameters are depicted in Table 25 through
Table 28, with the forecast curves displayed in Fig. 9 to
Fig. 20. Varying levels of performance were observed from
the three different parameter optimization algorithms that
were used. All three optimization algorithms displayed satis-
factory levels of performance and predictive accuracy, greatly
improving on the performance of the LSTM model prior to
optimization across the four quarters.

FIGURE 12. Forecast curve of PSO-LSTM of useful energy (H1) for Q2.

FIGURE 13. Forecast curve of GA-LSTM of useful energy (H1) for Q2.

FIGURE 14. Forecast curve of SSA-LSTM of useful energy (H1) for Q2.

To validate the superiority of any one hybrid model over
the other, two additional criteria were employed being the
analysis of stability and an analysis of the runtime of each
hybrid model. The same method that was utilized to evaluate
the stability of the regular models is going to be used to
evaluate the stability of the hybrid optimized models. The
results of this are outlined in Table 29.
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FIGURE 15. Forecast curve of PSO-LSTM of useful energy (H1) for Q3.

FIGURE 16. Forecast curve of GA-LSTM of useful energy (H1) for Q3.

FIGURE 17. Forecast curve of SSA-LSTM of useful energy (H1) for Q3.

Overall, the performance of the three hybrid models was
notably consistent, with only negligible variations observed
in terms of R2, MAE and correlation coefficient (r). The only
marginal difference of statistical significancewas in theMSE,
where the PSO-LSTM model markedly outperformed the
others by yielding significantly lower values. This suggests
that the PSO-LSTM model might be more effective in mini-
mizing large prediction errors, potentially indicating a better
capability for handling outliers compared to the GA-LSTM

FIGURE 18. Forecast curve of PSO-LSTM of useful energy (H1) for Q4.

FIGURE 19. Forecast curve of GA-LSTM of useful energy (H1) for Q4.

FIGURE 20. Forecast curve of SSA-LSTM of useful energy (H1) for Q4.

and SSA-LSTMmodels. However, considering the similarity
in MAE across all models, the advantage of the PSO-LSTM
in MSE might be less impactful, as it implies that the average
error magnitude remains comparable. Thus, the difference in
MSE could be attributed to a few isolated instances of larger
errors. Consequently, in terms of forecasting accuracy, the
distinctions among these models appear to be marginal, ren-
dering them nearly indistinguishable in practical application.
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TABLE 29. Average forecasting results of optimized hybrid LSTM models.

TABLE 30. Runtime of optimized hybrid models for Q1.

TABLE 31. Runtime of optimized hybrid models for Q2.

TABLE 32. Runtime of optimized hybrid models for Q3.

An analysis of the runtime of each model may serve as
a critical differentiator between the three hybrid models.

TABLE 33. Runtime of optimized hybrid models for Q4.

TABLE 34. Average runtime of optimized hybrid LSTM models.

FIGURE 21. Combined forecast curve of useful energy (H1) for Q1.

Looking at the results outlined in Tables 30 through 33,
we can see that the GA-LSTM model consistently took
the lowest amount of time to run in each of the four
quarters. Conversely, both the PSO-LSTM and SSA-LSTM
models demonstrated fluctuating performance in terms of
runtime.

An analysis of the mean runtime for each model corrobo-
rates the initial findings, revealing that the GA-LSTM model
possesses the lowest runtime, executing in nearly half the time
required by the SSA-LSTMmodel, which records the highest
runtime. The PSO-LSTM model falls in between the two in
this regard.
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IV. CONCLUSION
The empirical results of this study showed that neural network
models (ANN and LSTM) outperformed others in training,
testing, and average performance, while the Decision Tree
model consistently exhibited the lowest accuracy. SVR and
XGBoost performed best but with quarterly inconsistencies,
and Random Forest surpassed Decision Tree as hypothesized.
K-Fold Cross Validation elevated underperforming models to
levels comparable with ANN and LSTM, though theDecision
Tree remained the weakest. Forecast visualizations for H1
in Q1 are shown in Fig. 21. To boost LSTM’s accuracy,
hybrid models (PSO-LSTM, SSA-LSTM, GA-LSTM) were
developed via optimization; all showed similar basic metrics,
but PSO-LSTM’s lower MSE suits outlier-sensitive scenar-
ios, GA-LSTM’s faster runtime favors resource-constrained
environments, and SSA-LSTM is competitive without stand-
out advantages in efficiency or error handling. Additionally,
we note that the LSTM model, while often achieving higher
forecast accuracy, is noticeably more computationally inten-
sive to train than other models, which is an important
consideration for large-scale industrial deployment. To bal-
ance cost and accuracy, we recommend simple mitigations
such as reducing LSTM layer size, lowering sequence length,
early stopping, and using ensemble surrogates for real-time
inference.

This study was performed on measurements from a sin-
gle SHIP system installation in Johor Bahru, Malaysia,
so results could vary across different climates, plant scales,
collector configurations, or energy demand and generation
patterns. Future work could extend the analysis to multi-site
datasets or integrate adaptive models for varying climates
in order to enhance robustness and broader applicability in
SHIP systems.
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