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Abstract

The application of machine learning techniques in the renewable energy sector has revolutionised the predictive modelling and
optimisation of solar thermal systems. Solar air heaters with artificial roughness and phase change materials are widely used to
enhance thermal performance, necessitating accurate thermo-hydraulic performance predictions for efficient design and opera-
tion. This study employs the XG-Boost machine learning model to predict thermo-hydraulic performance values based on ex-
perimental data obtained for polygonal and trapezoidal rib configurations at different relative roughness pitch ratios (p/e) and
Reynolds numbers (Re = 2000 to 20000) in the absorber plate of a solar air heater. The experimental results reveal that a polyg-
onal rib configuration with p/e = 7.5 exhibits the highest thermo-hydraulic performance value of 2.95 at Re = 4000, while the
trapezoidal rib with p/e = 7.5 achieves a thermo-hydraulic performance of 2.93 at the same Reynolds number. The results were
trained in the proposed machine learning model to validate the accuracy of predicted results. The coefficient of determination
R?, mean absolute percentage error, root mean squared error and mean absolute percentage error matrix were considered for the
training and testing dataset. The model effectively captures the nonlinear thermal behaviour, achieving R?= 0.976, mean absolute
error at 0.045, root mean squared error at 0.056 and mean absolute percentage error of 2.42%, demonstrating superior predictive
capability. Further, this study provides the significance of plethora machine learning algorithms, data pre-processing strategies,
feature selection and hybrid machine learning models for performance optimisation in solar air heaters. Additionally, few case
studies highlight the practical implementation of machine learning in solar energy systems, demonstrating its potential for accu-
rate prediction of thermal efficiency in real time assessment. Besides, it outlines future research directions, challenges, and
emerging opportunities to advance machine learning applications in sustainable energy solutions. This ,review-experimental”
comparative article serves as a valuable resource for researchers and industry professionals, driving innovation in solar thermal
energy systems through data-driven intelligence.
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1. Introduction cations in both domestic and industrial settings. With ongoing

advancements and supportive policies, solar thermal energy is
The abundant availability of solar radiation globally makes solar  poised to play a significant role in meeting the world's heating
heating a highly viable and sustainable option for various appli-  needs while promoting environmental sustainability. Devices
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Nomenclature

f — friction factor for the roughened configurations
fo — friction factor for the smooth configurations

Nu — Nusselt number for the roughened configurations
Nuo— Nusselt numbers for the smooth configurations
p/e — relative roughness parameter

R? — coefficient of determination

Re — Reynolds number

Tk — tree-based transformations learned by XG-boost

Greek symbols

ax — model coefficients

S —biasterm

nsc— solar collector efficiency

Abbreviations and Acronyms

ALE —accumulated local effects
ANFIS - adaptive network-based fuzzy inference system
ANN — artificial neural networks

AT — ambient temperature

BNN  — Bayesian neural networks

BPS — black pebble stone

BRT — boosted regression tree

CAPSC - corrugated absorber plate solar collector
CE — collector efficiency

CFD — computational fluid dynamics

CIT — collector inlet temperature

CNN  —convolutional neural networks
COoT — collector outlet temperature

CSP — concentrated solar power

DBN  — deep belief networks

DCIT  —drying chamber inlet temperature
DCOT - drying chamber outlet temperature

DT — decision trees

ELM — extreme learning machine

ENN — Elman neural network

ESE — energy storage element

FFS — forward feature selection

FPSC  —flat plate solar collectors

GA — genetic algorithms

GBM  — gradient boosting machines
GBRT - gradient boosting regression tree
GMDH - group method of data handling

GP — Gaussian processes
HE-ET - heat exchanger-evacuated tube

such as flat plate collectors (FPC), evacuated tube collectors
(ETC) and concentrated solar power (CSP) were used in practice
to generate heat energy for applications like drying agricultural
products, providing hot water, cost-effective heating rooms dur-
ing colder climates, generating high temperatures for industrial
applications, etc. However, the performance of thermal efficacy
in these collectors is very low owing to smooth surface absorber
plates and limitation of the direct contact between the working
fluid and the heating surface.

It needs design modification to augment the convective heat
transfer between the working fluid and solid surface, like an ab-
sorber plate placed directly beneath of the solar radiation sur-

HGBR - hist gradient boosting regressor
HTF — heat transfer fluid
KNN  — K-nearest neighbours

LR — linear regression
LSSVM - least squares support vector machines

LSTM - long short-term memory

MAE  —mean absolute error

MAPE — mean absolute percentage error

MARS — multivariate adaptive regression splines

MC — moisture content

MWCNT — multi-wall carbon nanotube

MIM — metal insulator metal

ML — machine learning

MLR  — multiple linear regression

MRMR — minimum redundancy — maximum relevance

MSE — mean squared error

NARX - nonlinear autoregressive exogenous
NF RV  — nanofluid relative viscosity

NSE — Nash-Sutcliffe coefficient

OTA  —optimal tilt angle

PCC — Pearson correlation coefficient
PCM  —phase change materials

PDC — parabolic dish collector

PDP — partial dependence plot

PPO — proximal policy optimisation

PR — polynomial regression

PSO — particle swarm optimisation
PTC — parabolic trough solar collector
PVTC - photovoltaic thermal collector
PVT — photovoltaic thermal

RF — random forest

RMSE - root mean squared error
RNN — recurrent neural networks
SAH — solar air heater

SB — shot-basting nano-coating
SR — stacking regressor

STC — solar thermal collectors
SVR — support vector regression

SWCNT - single-wall carbon nanotube

SWH  —solar water heater

TES — thermal energy storage

THP — thermo-hydraulic performance
TR — tweedie regressor

wi — Willmott’s index

XG-boost— extreme gradient boosting

face. Many researchers numerically and experimentally proved
that implementing artificial rough surfaces in the absorber plates
as an extension material acts to enhance the heat transfer rate.
Rib or groove shapes such as broken arc rib [1], reverse L shape
[2], S shape [3], W shape [4], discrete V-shaped rib [5], tri-an-
gular rib and groove shaped rib [6], protruded shape [7], trans-
verse square rib [8], discrete multi V rib in a staggered position
[9], square duct with the internal surface [10] were positioned in
the absorber plate with the varying pitch distance between ribs,
varying height of rib, varying angle during positioning. Multiple
shaped ribs arrangements in inline and staggered methods were
investigated to ascertain the augmentation of thermal perfor-
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mance. The research results reveal a significant improvement at-
tained, such as thermo-hydraulic performance (THP) values
having increased from 1.32 to a maximum of 1.89, specifically
in the backwards trapezoidal-shaped rib in the solar collector.

Furthermore, to enhance heat transfer efficiency, nanofluids
and hybrid nanofluid-based working fluids were introduced in
solar collectors to maximise heat absorption during peak solar
hours (11:00 AM to 3:00 PM), thereby optimising heat energy
production for various heating applications. Hybrid nanofluids
such as TiO,-SiO, [11], Single-Wall Carbon Nano Tube
(SWCNT), Multi-wall Carbon Nano Tube (MWCNT) [12],
MWCNT-Fe;O4/Water [13], Al,O3-CuO, TiO.-Cu, Ag-MgO
[14], MWCNT, Au-Cu/EO (EO - engine oil), and Cu-Al;0;
[15] were prepared in varying volume fractions (1%, 2%, 3%,
and 4%) and utilised as working fluids in solar collectors inte-
grated with artificial rough surfaces to enhance heat energy gen-
eration. Both numerical and experimental investigations re-
vealed significant thermal performance improvements, ranging
from 197% to 227%, depending on the nanofluid volume frac-
tion used.

In continuation of the introduction of nanofluids, phase
change materials are introduced to enhance heat transfer in solar
applications. Both organic and inorganic phase change materials
(PCMs), such as paraffin wax and high-latent-heat storage oils,
were integrated into the solar collector. This integration en-
hances daytime heat generation while enabling the storage of
thermal energy in high-latent-heat materials. The stored energy
is then released during nighttime, facilitating prolonged heat dis-
tribution and ensuring consistent thermal performance over ex-
tended durations.

The study conducted by Kabeel et al. [16,17] investigated
the performance of an FPC integrated with paraffin wax based
phase change material (PCM) arranged in two different layers
(2 cm and 4 cm) beneath the absorber plate in the heat storage
chamber. PCM stored thermal energy during the daytime and
released it at night. The results indicated that the 4 cm PCM
layer maintained a temperature rise of 1.5°C to 7°C for
3.5 hours, while the 2 cm layer sustained a temperature increase
of 1.5°C to 5.5°C for 2.5 hours after 6 pm. Additionally, the in-
corporation of fin-shaped ribs in the same setup further en-
hanced thermal performance, achieving a temperature rise of
8.6°C during nighttime.

Aymen et al. [18] investigated a rectangular cavity with
PCM in a collector and reported that the maximum night-time
temperature increased by 3-7°C, leading to a significant im-
provement in thermal efficiency. Sunil Raj and Eswarmoorthy
[19] studied a V-shaped rib in a collector with paraffin wax-
PCM blended with 10% of Al,Os. The research proved a 65%
enhancement in thermal efficiency. Kalaiarasi et al. [20] inves-
tigated experimentally using a black copper tube with synthetic
therminol-55 oil as the thermal energy storage (TES) system and
reported achieving 67.7% thermal efficiency. It has been ob-
served that enhancing the thermal performance of solar collec-
tors involves employing various rib shapes with numerous mod-
ifications, such as varying pitch distances, rib heights and in-
clined rib positions. These design optimisations, when inte-
grated with PCM, have been explored extensively in studies

[21-23] to improve heat transfer efficiency and energy storage
capabilities.

A comprehensive literature review reveals that although sig-
nificant efforts have been devoted to enhancing solar collector
performance through design modifications, hybrid nanofluids,
and PCM integration, the novelty of the present work lies in em-
phasising machine learning—based frameworks as an integrated
solution for accurate thermal performance prediction, adaptive
control of operating parameters, predictive maintenance and
sustainability assessment under dynamic climatic conditions.
The primary objective of this study is to critically evaluate ma-
chine learning (ML) methodologies applied to solar collectors,
identify dominant thermo-hydraulic and environmental parame-
ters influencing performance, assess ML capabilities in fault de-
tection, energy output forecasting, and techno-economic optimi-
sation, and to highlight research gaps for the development of in-
telligent, reliable and high-efficiency solar thermal systems.

2. Machine learning algorithms in practice

To predict the thermal performance of solar collectors across di-
verse domestic and industrial applications, an ML algorithm
plays a significant role in analysing the complexity of the exper-
imental setup, including intricate patterns and practical key fac-
tors such as solar radiation, ambient temperature and thermal ef-
ficiency. ML models like gradient boosting machines (GBM) or
neural networks (ANN) are widely used for predicting thermal
efficiency and outlet temperature. Recurrent neural networks
(RNN) and long short-term memory (LSTM) models are used
for time-dependent variables at the hourly time scale. Bayesian
models and Gaussian processes support the prediction of uncer-
tainty in thermal performance.

Besides, ML algorithms are capable of analysing multiple
parameters, such as solar intensity, water flow rate, the impact
of solar collector tilt angle, ambient humidity, etc., using a ran-
domised lasso algorithm based on real-time data recorded in
a database to reduce experimental costs and save time and re-
sources for further testing. By combining data-driven appro-
aches with traditional thermodynamic principles, ML not only
enhances the design and operation of solar thermal systems but
also enables innovative solutions for achieving higher efficiency
and reliability in renewable energy applications. The detailed
machine learning models and algorithms that play a pivotal role
in the prediction of thermal performance in solar energy-based
applications are listed, and their significant applications are pre-
sented in Table 1 [24-26].

2.1. Regression techniques

They are supervised machine learning methods used to predict
the relationship between dependent such as thermal perfor-
mances, and independent variables, such as inlet temperature,
solar intensity, mass flow rate, etc. It is classified into linear re-
gression (LR) and polynomial regression (PR) and is suitable for
analysing environmental impacts, optimising system design,
forecasting time series, and reducing costs in solar thermal per-
formance prediction.
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2.2. Tree-based models

They are capable of complex interactions and non-linear rela-
tionships between input variables such as solar intensity, ambi-
ent temperature and humidity and can be categorised into:

a) decision trees (DT),

b) random forest (RF),

c) gradient boosting machines (GBM) and extreme gradient

Table 1. Various machine learning algorithms and their significance [24—26].

boosting (XG-boost),
d) gradient boosting regression tree (GBRT).

These models are mostly suitable for interpretable predic-
tions, flexibility for mixing huge data in non-linear relation-
ships, easy scalability, and the most accurate prediction perfor-
mance. GBM and GBRT models are highly selected by re-
searchers for effective and robust performance.

No. Model Applications
1 Linear Regression (LR) Evaluates simple relationships, such as the effect of solar intensity on outlet temperature.
2 Random Forest Regression Handles complex data to predict energy output and efficiency in hybrid systems.
3 Gradient Boosting Machines (GBM) Highly effective for thermal performance modelling, accounting for non-linear dependencies.
4 Support Vector Regression (SVR) Models subtle interactions between variables like flow rates and collector performance
5 Random Forest (RF) Predicts thermal efficiency and air temperature in hybrid solar collector systems.
6 Gradient Boos(t(isntRic)egression Tree Provides highly accurate predictions of solar collector performance and energy output.
Decision Trees Helps understand the influence of specific parameters (e.g., solar intensity, humidity) on performance.
XGBoost Used for optimising solar thermal storage systems (PCM) and forecasting long-term energy outputs.
Recurrent Neural Networks (RNNs) Forecast energy output based on time-series weather data.
10 Autoencoders Detect faults or anomalies by identifying deviations from normal operating patterns.
11 K-Means Group data on solar intensity and efficiency to identify regions with similar energy potential.
12 iepr::Z‘:j;:iviia;:Sc:stt;:ang,\Bf Identifies anomalies in operational data, such as sudden drops in efficiency.
13 Logistic Regression Classifies collector output as efficient or inefficient.
14 Random Forest Categorises faults in solar systems into overheating, shading, or flow issues.
15 Bayesian Neural Network (BNN)s Integrates uncertainty estimation in solar energy predictions.
16 Gaussian Processes (GP) Known for their ability to predict solar energy performance with uncertainty quantification.
17 Genetic Algorithms (GA) Applied in optimising solar system configurations.
18 Particle Swarm Optimisation (PSO) Used for parameter optimisation in solar energy systems.
19 Bagging Methods Aggregate multiple models to improve prediction stability and accuracy.
20 Boosting Methods Sequentially build models to minimise prediction errors.
21 Deep Belief Networks (DBN) Advanced neural networks for hierarchical feature extraction.
22 Autoencoders Used for anomaly detection and feature learning in solar systems.
23 Reinforcement Learning (RL) Applied to optimise real-time solar energy operations, such as tracking maximum power points or adjust-
ing solar collector angles.
2 Fuzzy Logic and ML Integration Combines fuzzy logic principles with ML algorith?csthn};andle uncertainty and improve solar energy pre-
Ictl .

2.3. Support vector machines

It is an effective, better dimensional classification and regres-
sion supervision of ML tasks that works on a hyper plane deci-
sion boundary, which separates data in continuous regression
output and minimises prediction error. Besides, it is most suita-
ble for hybrid systems such as solar collectors integrated with
PCM, predicting solar intensity, humidity, etc., and thermal per-
formances for long-term forecasting.

2.4. Neural networks

They are structured and function like a human brain type ML
called artificial neural networks (ANN) to predict real-time op-
timisation and autonomous operation in highly effective non-
linear data for a long duration. They have further categories of
convolutional neural networks (CNN) and recurrent neural net-
works (RNN), which support recording image-based solar en-
ergy systems like solar panel inspections or weather predictions,

etc., and are suitable for time-series data, including solar inten-
sity and weather-dependent parameters.

2.5. Clustering and classification

Clustering is an unsupervised learning technique where data,
such as weather pattern analysis like humidity, solar radiation,
etc., is grouped into clusters based on similarity by using algo-
rithms like K-means, density-based Spatial clustering of appli-
cations with noise (DBSCAN) and hierarchical clustering. Clas-
sification is a supervised learning technique suitable for moni-
toring solar collectors for heating blockage, abnormal environ-
mental conditions, etc., and helps classify days as sunny, cloudy,
or low-thermal-energy days using a logistic regression classifi-
cation tree.

2.6. Bayesian models

It is a probabilistic approach, particularly powerful for handling
data on uncertainty and variability. The performance outcomes
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based on prior probability and new likelihood data are calculated
by using the formula:

P(AIB) = (P(B)-P(BIA)-P(A))/P(B), (1)

where: P(AIB) = posterior probability (probability of A given
B), P(BIA) = likelihood (probability of B given A), P(A) = prior
probability (initial belief about A), P(B) = evidence (total prob-
ability of B).

In this mode, Bayesian neural networks (BNNs) and Gauss-
ian processes (GPs) are used to quantify uncertainty in solar en-
ergy performance. They are also best to support the prediction
of interdependency processes, such as solar collectors integrated
with thermal storage systems or photovoltaic (PV) systems.

2.7. Evolutionary algorithms model

This model is preferred for selecting natural and biological evo-
lution as a heuristic optimisation method to solve multi-objec-
tive and complex problems. Models such as genetic algorithms
(GA) and particle swarm optimisation (PSO) were used to pre-
dict the complex design and material selection of solar collec-
tors. And their thermal performance, based on their inclined po-
sition, was accurately predicted. Most suitable for predicting
weather conditions and hybrid thermal storage efficiency, pro-
ducing a Pareto-optimal set of solutions for decision-makers.

2.8. Ensemble learning techniques

These techniques leverage the strengths of individual models to
improve the overall performance prediction, reduce overfitting,
and enhance generalisation. They use a bagging-and-boosting
model that operates autonomously to correct mistakes from ear-
lier models.

2.9. Hybrid approaches

They are a combination of ML algorithms with optimisation
techniques or physical models (thermodynamics metrology) for
enhanced predictions. ANN integrated with PSO for optimising
thermal performance parameters is the most suitable example.

2.10. Deep learning models

These models use multiple layers of interconnected nodes (neu-
rons) to learn and represent complex patterns in data. Particu-
larly effective in analysing large datasets with nonlinear rela-
tionships. They use deep belief networks (DBN) that act as ad-
vanced neural networks for hierarchical feature extraction, and
auto encoders for dimensionality reduction and anomaly detec-
tion with feature learning in solar systems.

2.11. Reinforcement learning

In this, machine learning makes sequential decisions by inter-
acting with an environment to exploit a cumulative reward. Un-
like supervised learning, reinforcement learning (RL) does not
rely on labelled data; instead, it learns through trial and error,
receiving reactions in the form of rewards or consequences
based on its actions. Algorithms such as Q-learning, deep

Q-learning, and proximal policy optimisation (PPO) are notable
in solar tracking applications.

2.12. Fuzzy logic and machine learning integration

It converts crisp input, such as solar intensity and ambient tem-
perature, into fuzzy sets using linguistic terms like low, medium
and high. An option like the if-then rule is used to relate the input
to the output. If solar radiation is low and ambient temperature
is high, then a reduced mass flow rate results in a lower control
thermal efficiency. It supports enhanced prediction accuracy and
adaptability, ensuring consistent thermal performance. It is nec-
essary to describe in detail the procedures used in scientific re-
search (experimental and computational procedures). It is also
needed to explain why the above procedures are used and
whether they are reliable (explain why the proposed procedure
is correct for the class of problems).

In experimental work, it is necessary to specify the measure-
ment accuracy.

3. Machine learning in drying applications

Machine learning (ML) has become a revolutionary technology
across various agricultural applications, especially in optimising
drying processes. This section begins with an exploration of how
ML is integrated into agricultural drying systems, emphasising
its role in improving efficiency, accuracy and overall perfor-
mance. It then transitions to the application of ML in rough-sur-
face solar collectors, particularly after PCM integration. Finally,
the section delves into the numerical and experimental investi-
gations of hybrid nanofluid performance in these systems.

3.1. Garlic clove

Kushwah et al. [27] presented a study on a dual-working-me-
dium heat exchanger evacuated tube (HE-ET) solar drying sys-
tem for garlic, emphasising the integration of thermodynamics
and 5 different ML algorithms for performance optimisation in
Python. Advanced ML algorithms, such as gradient boosting re-
gression tree (GBRT), are highlighted for their predictive accu-
racy, with significant findings on the impact of ambient relative
humidity and solar intensity. These results reveal that the mean
absolute error (MAE) ranged between 0.31 and 0.59, root mean
squared error (RMSE) between 0.54 and 0.72, and the coeffi-
cient of determination (R2) of 0.98 and 0.94 on training and test-
ing values, providing valuable insights for enhancing the effi-
ciency of solar drying systems. It underlines the potential of
combining renewable energy technologies with data-driven ap-
proaches. The detailed integration of technology is illustrated in
Fig. 1.

3.2. Sweet potato

Abdelkader et al. [28] developed an evaluation of an indirect so-
lar dryer tailored for drying sweet potato cubes, integrating ex-
perimental, environmental and economic (3E) analyses along-
side advanced ML techniques. Four algorithms, such as decision
trees (DT), gradient boosting regression (GBR), multiple linear
regression (MLR), and random forest (RF), were employed to
predict critical performance metrics, including solar collector
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(SC) energy and exergy efficiency, drying chamber mean tem-
perature and exergy efficiency. The RF algorithm shows supe-
rior accuracy due to its adaptability. The dryer demonstrated so-
lar collector efficiencies of 72.9% (energy) and 5.6% (exergy),
storage unit efficiencies of 43.4% (thermal) and 18.4% (exergy)
with a discharge time of 5.5 hours, and an average drying cham-
ber thermal efficiency of 46.1%, ranging from 21.9% to 97.2%
has been recorded.

The overall dryer efficiency was increased by 15% in con-
suming 4.509 kWh/kg of moisture removed. The Page model

Hybrid Solar Drying System
(HE-ETADS)

e Airinlet

= DCFan

Drying

> chamber

Fresh Garlic Clove

e Evauated tube

collector (erc)
Fresh Garlic e Weather monitoring unit

Clove
Main components:

Air inlet

DC Fan

Drying chamber
Evacuated tube collector
Weather monitoring unit

Output: Dried Garlic Clove

proved optimal for predicting drying kinetics. Environmental
benefits included a CO, mitigation of 20.2 kg and carbon credit
earnings of 56,771 RMB (RMB stands for Renminbi, the official
currency of China), while economic analysis revealed a payback
period of 29.24 months, annual revenue of 8,464 RMB, and a re-
turn on investment of 0.7 RMB. These results underscore the
potential of integrating solar drying systems with machine learn-
ing to enhance system performance, optimise energy use, and
deliver sustainable, economically viable solutions for agricul-
tural drying applications.

Dehydration Process Circular Economy Benefits

e Reduced food waste
e Low carbon drying technolog@
2

e Improved shelf life

Moisture removal
Controlled air temperature
Solar thermal energy
utilization

=Y

e Agricultural value addition

Validation parameters:
e R2 o

. ' ¢RMSE -
- o MAE :
<@

Fig. 1. Arrangement of the solar dryer with an evacuated tube integrated for drying garlic cloves.

3.3. Prediction of red chilli in a dryer

Arunkumar et al. [29] evaluated the drying performance of red
chilli in an indirect solar dryer under varying energy storage el-
ement (ESE) cases like i) paraffin wax, ii) glass pieces blended
with paraffin wax, and iii) crushed glass pieces mixed with par-
affin wax in mass flow rates of 0.3 m/s, 0.4 m/s and 0.5 m/s. Key
variables such as i) solar intensity, ii) mass flow rate, iii) ESE
case, iv) ambient temperature (AT), v) collector inlet tempera-
ture (CIT), vi) collector outlet temperature (COT), vii) drying
chamber inlet temperature (DCIT), and viii) drying chamber
outlet temperature (DCOT) were analysed for their impact on
moisture content (MC), and the collector efficiency (CE) was
measured for research. Experimental results demonstrated that
the dryer using case 3 ESE at a 0.5 m/s mass flow rate achieved
the target MC within 25 hours.

GBRT emerged as the most accurate ML algorithm, with
R? values of 0.999964 for MC prediction and 0.994064 for CE
estimation, alongside minimal errors (MAE, RMSE, and mean
squared error (MSE)). The solar collector outlet temperature
was identified as the most influential factor for both MC and CE.
This study highlights the importance of ESE, airflow rate and
ML techniques in optimising agricultural drying processes as il-
lustrated in Fig. 2.

3.4. Metal absorber comparison

Baz et al. [30] conducted a comparative study of solar absorber
structures, specifically the single-layer metal-insulator-metal

10

(MIM) structure, the gold-MgF2-gold solar absorber (GMGSA),
and the multilayer MIM structure, the gold-MgF>-gold-MgF,-
gold solar absorber (GMGMGSA), highlighting advancements
in solar thermal applications. Leveraging machine learning strat-
egies used random forest regression analysis. The research
achieved exceptional predictive accuracy, with an R? of
0.998836 and a mean square error of 2.8091-10°. It enables the
optimisation of absorber designs. The GMGMGSA structure
demonstrates superior performance, including a broad absorp-
tion range (0.4-1.6 pm), high absorption efficiency under
AML.5 solar irradiation (93.10%), and excellent angular inde-
pendence up to 70°. These findings underscore the potential of
advanced absorber designs in applications such as concentrated
solar power (CSP), solar water heater (SWH) and building-inte-
grated photovoltaics (BIPV), emphasising the transformative
role of machine learning in driving innovation in solar thermal
technologies.

3.5. Machine learning and computational fluid
dynamics simulation

Madhankumar et al. [31] focused on the computational analysis,
empirical testing, and predictive modelling of a corrugated ab-
sorber plate solar collector (CAPSC) integrated with a fin-in-
serted TES system. Utilising computational fluid dynamics
(CFD) simulation, governing equations of the CAPSC device
were developed and analysed, complemented by experimental
testing across varying mass flow rates (0.014-0.064 kg/s) during
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Fig. 2. Thermal performance of Red Chilli predicted by using an ML algorithm.

summer and winter seasons. The maximum deviation between
computational and experimental outlet temperatures was 1.72°C
at a mass flow rate of 0.044 kg/s, demonstrating close agree-
ment. ML techniques, including MLR, RF, K-nearest neigh-
bours (KNN), XG-boost and ANN, were employed to predict
the thermal efficiency of the system, leveraging a dataset of
288 empirical samples. Among these, ANN and XG-boost
emerged as the most accurate, with XG-boost excelling due to
its robust handling of non-linear interactions. To further enhance
prediction accuracy, computational CAPSC output temperatures
were integrated as inputs into machine learning models, illus-

trating a synergistic improvement in thermal efficiency fore-
casts. This integration of CFD and machine learning provides
a sophisticated framework for optimising solar collector designs
and achieving precise thermal performance predictions, as de-
tailed in Fig. 3.

3.6. Rough surface in a solar collector

3.6.1. Triangular-shaped rib

Nidhul et al. [32] provided an extensive review of artificial
roughness designs for rectangular and triangular solar air heaters
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(SAHS), helping researchers identify gaps in the field. An ANN-
based ML model was developed using 454 datasets from 72 rib
combinations to predict the performance of ribbed triangular
SAHSs. The model demonstrated high accuracy, with an average
prediction deviation of less than 3%, and has the potential to im-
prove accuracy by incorporating additional geometric and oper-
ational parameters. Second-law analysis revealed variations in
collector efficiency and entropy generation with Reynolds num-
bers (Re) ranging from 4000 to 18000. The study identified op-
timal rib parameters, including height, pitch, chamfer angle and
inclinations, enabling engineers to estimate the performance of
ribbed triangular duct SAHs with various artificial roughness
designs without the need for physical testing.

3.6.2. C-shaped fin

Saravanan et al [33] highlighted the use of ML techniques in
predicting the thermal performance of SAH with advanced ab-
sorber designs, C-shaped finned panels. Experimental investiga-
tions coupled with ML models, including RF, LR, and KNN,
demonstrate the capability of data-driven approaches to accu-
rately model key performance parameters such as the Nusselt
number (Nu), friction factor (f) and thermal efficiency (thermo-
hydraulic performance (THP)). Among the models, RF exhib-
ited superior predictive performance with a high R? value of
0.9783 and minimal errors, emphasising its potential as a robust
tool for optimising SAH designs. This integration of ML with
experimental studies offers a promising pathway for enhancing
the design and operational efficiency of solar thermal systems.

3.6.3. Digital twin in solar flat plate collector

Zohdi et al. [34] introduced a digital twin model to optimise so-
lar-thermal storage systems as a green energy solution during
peak demand hours after sunset. The system comprises adapta-
ble Fresnel mirrors, an optical receiver and a power distribution
framework. A reduced-order Maxwell's equations model effi-
ciently computes solar power flow, simulating mirror reflec-
tions, losses and energy delivery in microseconds. A genetic ML
framework integrates sub-models for mirror tracking, thermal
absorption and optimal temperature operation to balance radia-
tive losses and heat storage. The approach optimises mirror-re-
ceiver configurations for long-term efficiency and demand ful-
filment. Additionally, a deep-learning algorithm enhances sim-
ulation speed through an ANN representation, enabling rapid
performance evaluations across an extended timeframe.

3.6.4. Grooved tube configuration in flat plate collector

Chilambarasan et al. [35] highlighted the enhanced performance
of solar flat plate collectors (SFPC) using an internally grooved
absorber tube combined with Al,Os-WEG-based nanofluids.
Experimental investigations with varying nanoparticle con-
centrations (0.01%, 0.05%, 0.1%, 0.2%) and mass flow rates
(0.024 kgfs, 0.036 kg/s, 0.048 kg/s) revealed significant effi-
ciency improvements. At 0.2% nanoparticle concentration and
0.036 kg/s mass flow rate, model 2 achieved a maximum effi-
ciency enhancement of 54.1% over model 1 with plain fluid. The
ANN models developed for real-time prediction accurately mir-
rored experimental results, demonstrating their effectiveness in

12

optimising SFPC performance. This synergistic approach ad-
dresses key challenges in enhancing the efficiency of solar ther-
mal technology.

3.6.5. Solar panel tilt angle

Yadav et al. [36] research focuses on optimising the electricity
output of photovoltaic (PV) systems in micro grids by accurately
predicting the optimal tilt angle (OTA) of solar panels — a non-
linear function of solar radiation parameters. Using feature se-
lection-based ANN with numerous ML algorithms, the research
recognises global solar radiation, diffuse solar radiation, clarity
index and inclined surface radiation as critical predictors, while
deeming extra-terrestrial radiation the least significant. By in-
corporating the appropriate input variables, prediction accuracy
improved significantly from 38.59% to 90.72%. Among the
ANNSs evaluated, the EIman neural network (ENN) achieved the
best performance, demonstrating its effectiveness in OTA pre-
diction to maximise PV output.

3.6.6. V corrugation

Poongavanam et al. [37] enhanced SAH efficiency by modify-
ing absorber plates with V-corrugation, shot-blasting (SB),
nano-coating, and black pebble stone (BPS) integration. SB
treats surfaces with high-speed abrasives, followed by coating
with activated carbon (AC) based nano-materials in matt paint.
The roughened and corrugated plate increases heat transfer to
the air, and BPS acts as a thermal mass to maintain a consistent
temperature. Machine learning (ML) models, including random
forest regression (RFR), LR and support vector regression
(SVR), are employed to predict SAH thermal efficiency using
experimental data. The research reveals efficiency enhanced
owing to surface modifications and BPS integration, signifi-
cantly improving thermal transfer. The RFR model shows supe-
rior predictive accuracy, with a correlation coefficient of 0.999
for modified SAHs, and effectively estimates Nu values with
minimal error. ML-based thermal efficiency models are vali-
dated using mean squared error and root mean squared error,
confirming their predictive reliability.

Thakur et al. [38] investigated the thermal-hydraulic perfor-
mance enhancement of dual passage solar thermal collectors
(DP-STC) by employing single V-shaped staggered baffles
(SVSSBs) on the absorber plate. Solar thermal collectors (STCs)
are essential for converting solar energy into thermal energy, but
the thermal performance of DP-STCs is typically suboptimal.
The study focuses on the impact of various geometrical param-
eters, including relative staggered baffle position, relative stag-
gered baffle size and relative roughness pitch, for Reynolds
numbers ranging from 3000 to 19000. Fixed parameters, such as
relative roughness height (0.40), relative gap position (0.67) and
angle of attack (60°), are considered to isolate the effect of the
varying geometrical factors.

The results indicate that SVSSBs outperform other types of
turbulators reported in the literature, achieving a peak thermal-
hydraulic performance of 3.67 under specific geometrical con-
ditions (baffle size = 1.5, staggered baffle position = 0.65,
roughness pitch = 3.5, at Re = 17000). Additionally, correlations
for the Nusselt number (Nu) and the friction factor were develo-
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ped using experimental data, providing valuable insights into the
optimisation of thermal collectors for enhanced heat transfer and
reduced friction losses.

3.7. Conical cavity in a solar-evacuated tube

Rajan and Reddy [39] integrated an optical-thermal model com-
bining Monte-Carlo ray tracing and CFD to evaluate a 40 m?
parabolic dish collector (PDC) under varying inclinations and
wind conditions. Ray tracing in Solar Trace, coupled with AN-
SYS and MATLAB, was used to model solar heat transfer to
Therminol 66 in a conical receiver. Validation against estab-
lished studies confirmed the model's accuracy, with a ray count
of 10 ensuring precise mapping of the heat flux distribution.
The study found that 66%-80% of absorbed solar heat was
transferred to the heat transfer fluid (HTF), with this transfer in-
fluenced by inclination, wind direction, and speed. Deep learn-
ing models were employed for thermal performance prediction,
with optimal activation functions selected for accuracy. A com-
parative analysis demonstrated the superior performance of the
developed model compared to existing approaches.

3.7.1. Twisted and way tape inserted in an evacuated tube

Bingbin et al. [40] investigated the impact of inlet flow velocity,
structural enhancements, and ML models on the efficiency of
a solar collector (SC). Higher inlet airflow velocities (2.1 m/s,
3.3 m/s and 4.5 m/s) improve collector efficiency by intensify-
ing heat transfer and reducing temperature build-up. Structural
enhancements, such as a spiral twisted tape and wave strip com-
bination, significantly enhance heat transfer. This configuration,
with an optimal wave plate length of 360 mm and a helical twist
ratio of 5.14, achieved the highest efficiency and provided
a promising direction for improving solar collector tube designs.
Eight machine learning models, including XG-boost, were em-
ployed to predict collector performance, with XG-boost emerg-
ing as the most accurate (R?>=0.997, RMSE = 0.008 for training;
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R2 =0.988, RMSE = 0.008 for testing). Interpretable methods
like partial dependence plot (PDP), accumulated local effects
(ALE), and Shapley additive explanations (SHAP) analysis
highlighted key performance drivers, such as inlet flow velocity,
temperature difference and solar irradiance. These methods en-
able optimised design parameters and provide engineers with ac-
tionable insights to enhance collector performance, making in-
terpretable machine learning a valuable tool in solar energy tech-
nology development.

Gupta et al [41] introduced a mixed-mode dryer with a semi-
transparent photovoltaic thermal (PVT) collector, combining
computational and experimental methods to assess drying and
thermal performance. The research evaluates three inlet air ve-
locities, such as i) 0.048 m/s, ii) 0.096 m/s, and iii) 0.144 m/s, to
optimise airflow in the PVT dryer. Model 2 exhibited uniform
temperature distribution, while Model 3 demonstrated the best
performance, achieving enhanced thermal -efficiencies of
33.20% (numerical) and 31.14% (experimental) compared to
Model 1. Additionally, Model 3 improved Re and Nu by factors
of 3.06 and 2.45, respectively. Experimental results closely
aligned with simulations, showing deviations of only 2.24% to
4.90%. ML models, particularly ANN with different hidden lay-
ers, were utilised to predict and optimise drying performance
parameters, ensuring optimal drying conditions. The detailed in-
tegration of the process is presented in Fig. 4.

3.8. Thermal performance prediction in nano-liquids

Alawi et al. [42] predictions of thermal performance (#) for flat
plate solar collectors (FPSC) are critical for various engineering
applications in thermal and energy sectors. This study explores
the potential of ML models, including hist gradient boosting re-
gressor (HGBR), multivariate adaptive regression splines
(MARS), tweedie regressor (TR) and stacking regressor (SR), to
predict n using Al,03—H>0 nanofluids. A predictive matrix was
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Fig. 4. Schematic layout of ML in semi-transparent photovoltaic thermal (PVT) collector.
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developed incorporating five key predictors: nanoparticle size,
collector slope, absorbed energy parameter, removed energy pa-
rameter and reduced temperature parameter. Forward feature se-
lection (FFS) integrated with the RF algorithm was employed to
construct different input combinations.

Among the models tested, Model 5 demonstrated superior

performance across all metrics, achieving the lowest mean ab-
solute percentage error (MAPE), root mean squared error
(RMSE), U95 (95th percentile uncertainty), and residual error,
alongside the highest coefficient of determination (R?), Pearson
correlation coefficient (PCC), Nash-Sutcliffe coefficient (NSE),
and Willmott’s index (WI). Model 4 showed strong results in R?
and PCC, while Models 2 and 3 exhibited moderate perfor-
mance. Model 1 lagged in most evaluation metrics. The stacking
algorithm in Model 5 proved to be the most effective, with
a prediction accuracy of 94.5%, surpassing HGBR (92.9%),
MARS (92.7%) and TR (89.9%).
This research provides valuable insights into 1 prediction using
thermal predictors, highlighting the efficiency of stacking algo-
rithms and their applicability to improve the performance and
design of FPSCs.

3.8.1. Specific heat prediction in nanofluid

Alade et al. [43,44] conducted research on nanofluids due to
their superior thermal properties, which are critical for enhanc-
ing the solar thermal collector efficiency. Accurate modelling of
their specific heat capacity is essential but underexplored, and
existing analytical models exhibit significant predictive incon-
sistencies. A Bayesian support vector regression (BSVR) model
was developed to address this, trained on 84 experimental da-
tasets and validated on 17 test datasets. The model achieved re-
markable accuracy, with a 99.95% Pearson correlation coeffi-
cient and an absolute average relative deviation (AARD) of
0.1888, outperforming existing models by a significant margin.
This advancement ensures more reliable efficiency computa-
tions for solar collectors, optimising their design and perfor-
mance.

Further, they extended to introduce a genetic algorithms/
support vector regression (GA/SVR) model to accurately eval-
uate the specific heat capacity of Alumina (Al,O3)/water nano-
fluid at volume fractions of 3.7-9.3%. The GA/SVR model
demonstrated exceptional accuracy, achieving a 99.998% corre-
lation with experimental data and an RMSE of 0.0014. Compar-
ative analysis revealed the GA/SVR model outperformed exist-
ing analytic models, providing an order-of-magnitude improve-
ment over the thermal equilibrium model and a two-order-of-
magnitude improvement over the simple mixing rule model.
This advanced model offers rapid and precise predictions, opti-
mising nanofluid performance in solar thermal applications.

3.8.2. Prediction of viscosity of nanofluids

Meybodi et al. [45] reported research on nanoparticles and
a base fluid, which is extensively used in industrial processes
such as engine cooling and enhanced oil recovery due to their
unique properties, including viscosity, which is crucial for
chemical and petroleum engineering applications. This study
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employs least squares support vector machines (LSSVM) to ac-
curately predict the viscosity of water-based nanofluids contain-
ing Al,Os, TiO,, SiO2, and CuO nanoparticles. The LSSVM
model demonstrates exceptional accuracy, achieving a coeffi-
cient of determination of 0.998 and outperforming existing mod-
els. The model accurately predicts viscosity trends across vary-
ing nanoparticle volume fractions and temperatures, aligning
well with experimental data. Additionally, a leverage approach
was used to identify outliers and validate the model's applicabil-
ity domain. This robust, rapid and precise modelling approach
significantly enhances viscosity prediction for nanofluids.

3.8.3. Relative viscosity of nanofluids

Baghban et al. [46] focused on nanofluid viscosity as a critical
property in convective heat transfer, yet existing theoretical
models have limited applicability. This study collected 1277 ex-
perimental data points of nanofluid relative viscosity (NF-RV)
and developed a general predictive model using an adaptive net-
work-based fuzzy inference system (ANFIS). The model incor-
porates variables such as temperature, nanoparticle diameter,
nanofluid density, volumetric fraction and base fluid viscosity.
Statistical analysis showed exceptional accuracy, with an R?
value of 0.99997 and relative deviations of 0.42% (absolute) and
6.45% (maximum average). The ANFIS model outperformed
existing theoretical models, demonstrating its ability to reliably
predict NF-RV. This tool is invaluable for chemists and engi-
neers, particularly in heat transfer applications using nanofluids.

Wu et al. [47] study presents a geometric analysis and opti-
misation of parabolic trough solar collectors (PTC) using a Py-
thon-based algorithm to calculate optical efficiency with a sec-
ondary hyperbolic mirror. Key features include the concentra-
tion ratio, intercept factor and optical efficiency, critical for PTC
geometric optimisation. The algorithm integrates AutoCAD
data for simulating varying incident angles and focal lengths,
achieving a simulation-theory error margin of less than 3.13%.
Using ML, optical efficiency was numerically fitted, yielding
a high accuracy (R?=0.97874). The study develops optical effi-
ciency fitting formulas derived from secondary reflection hyper-
bolic data and validated using a ray-tracing model. This method
enhances the design, energy analysis and optimisation of PTCs
under diverse geometric and operational conditions.

3.9. ML in parabolic trough solar collector using hybrid
nanofluids

Alhamayani [48] researched on the advancement of solar energy
technologies, particularly for sustainable power generation, and
emphasised the importance of optimising parabolic trough solar
collectors (PTC) systems. This study explores the impact of hy-
brid nanofluids (1% Al,0s—2% multi-walled carbon nanotubes
(MWCNT)/Syltherm-800, 1.5% Al,03-1.5% MWCNT/Syl-
therm-800, and 2% Al,03;—1% MWCNT/Syltherm-800) on PTC
performance. A mathematical model was developed to assess
PTC efficiency across varying nanofluid concentrations. Addi-
tionally, ML models, DT, support vector machine (SVM) and
ANN were trained to predict PTC outlet temperature efficiently.
Results revealed that 2% Al;03-1% MWCNT/Syltherm-800
achieved the highest thermal efficiency, averaging 70.54%. The
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ANN model exhibited superior predictive accuracy, with an R?
of 99.99%, MAPE of 4.8-10~°, RMSE of 0.012 and MAE of
0.0057. This research highlights the potential of hybrid nanoflu-
ids and artificial intelligence (Al) to enhance the performance of
PTC systems.

Said et al. [49] investigated the thermal performance of an
FPSC using MWCNT + Fe3O4/Water hybrid nanofluids in an
arid environment. Experiments revealed a 26.3% increase in the
heat transfer coefficient, accompanied by an 18.9% increase in
the friction factor (f). Experimental data were used to develop
prediction models for heat transfer, Nu, f and thermal efficiency
using boosted regression tree (BRT) and XG-boost ML tech-
niques. The XG-boost models demonstrated superior perfor-
mance, with R? values ranging from 0.9914 to 0.9997, lower
mean squared errors (0.000081-9.11) and minimal mean abso-
lute percentage errors (0.0025-0.3114). Statistical evaluations,
complemented by Taylor's graphs, emphasised the effectiveness
and accuracy of XG-boost over BRT for thermal performance
predictions.

Al-Rashed et al. [50] numerically evaluated the performance
of a novel PTC featuring a non-circular absorber tube and solid
insulation, using a water-CMC/AIl,O3 (carboxymethyl cellulose
containing Al,O3) nanofluid as the working fluid. Performance
metrics were analysed with respect to the Reynolds number
(Re), nanoparticle volume concentration, particle size and insu-
lation angle. Results reveal an ascending-descending pattern of
efficiency variation with Re, achieving a peak efficiency of
61.7% for a dual-fluid collector with a 90° insulation angle,
1.5% nano-particle concentration and 100 nm particle diameter.
Additionally, an ANN model with 8 neurons accurately pre-
dicted collector efficiency, with a maximum deviation of less
than 0.2% and an R? of 0.9998, demonstrating its reliability for
forecasting PTC performance.

Bouzgou and Gueymard [51] addressed the critical need for
accurate solar irradiance forecasting to support the efficient uti-
lisation of solar energy in a carbon-free economy. A novel fore-
casting approach combining minimum redundancy—maximum
relevance (MRMR) and extreme learning machine (ELM) is
proposed for irradiance time-series prediction. The method is
tested across three forecasting horizons (15 minutes, 1 hour, and
24 hours) and evaluated against four scenarios: i) long window
(latest 50 variables), ii) short window (latest 5 variables), iii)
principal component analysis (PCA), and iv) a clear-sky model.
Using irradiance data from 20 sites across diverse climates, the
results demonstrate that selecting an optimal set of relevant var-
iables through MRMR significantly enhances forecasting accu-
racy. The proposed approach outperformed the alternative sce-
narios, proving its efficacy in improving the prediction of global
solar radiation and offering a robust solution for integrating so-
lar energy into future energy systems.

Fuxi et al. [52] investigated the effect of spring turbulators
on turbulent flow inside a pipe using TiO-Cu/water hybrid
nanofluid and a single-phase model, focusing on heat transfer
rate (HTR), pressure drop (AP) and solar collector efficiency
(nsc)- The numerical analysis, based on the Reynolds number,
the turbulator scale and the nanoparticle volume fraction (¢), re-
veals that increasing the turbulator scale improves fluid contact,
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increases turbulence and enhances nanofluid mixing, resulting
in better heat transfer performance. The use of ANN for model-
ling predicts the system performance with high accuracy, offer-
ing predictions similar to those from fitting methods. The find-
ings highlight the potential of spring turbulators in improving
solar collector efficiency, with ANN providing a reliable tool for
performance prediction.

3.10. Heat storage (with and without phase change
materials)

Zayed et al. [53] evaluated the performance of wavy corrugated
solar air collectors (WCSAC) with paraffin wax as thermal en-
ergy storage (TES). Experiments were conducted under airflow
rates of 0.540 kg/min, 1.68 kg/min, and 3.72 kg/min with paraf-
fin layer thicknesses of 2 cm and 4 cm. A 4 cm paraffin layer
improved energy efficiency by 24.0%, 20.39% and 16.37% at
the respective airflow rates compared to systems without PCM.
The convective heat transfer coefficient was over 1.20 times
higher in PCM-equipped systems.

Support vector machine (SVM) models, optimised with
Karush-Kuhn-Tucker conditions, accurately predicted thermal
performance metrics, achieving coefficients of determination of
0.990 (training) and 0.950 (testing). Sensitivity analysis identi-
fied the air inlet temperature, solar irradiance and PCM thick-
ness as key parameters influencing performance. This study
demonstrates the effectiveness of PCM and Al models in en-
hancing solar thermal systems.

Badji et al. [54] highlighted the effectiveness of integrating
an SAH with an underground latent heat storage system (LTES)
using CaCl,+6H,0 as a PCM to enhance greenhouse heating ef-
ficiency. Conducted in a semi-arid climate in Ghardaia, Algeria,
the innovative system increased night-time air temperatures by
57% compared to conventional greenhouses. The LTES released
20 kJ of energy during the night, meeting 30% of the green-
house’s energy requirements. ML models, particularly the non-
linear autoregressive exogenous (NARX) model, achieved ex-
ceptional predictive accuracy, with an R? of 0.9986, surpassing
the RNN model's R? of 0.9893. These findings demonstrate the
potential of LTES systems and advanced ANN-based models in
optimising greenhouse conditions, significantly contributing to
sustainable agriculture and energy-efficient practices.

3.11. Parallel tube collector using hybrid nanofluid

Mausam et al. [55] investigated the thermal performance of
a solar flat plate collector (FPC) using a hybrid nanofluid com-
posed of Cu-MWCNTSs-water. Experimental investigations var-
ied flow rates, inclination angles and radiation intensities, with
an ANN and a mathematical model developed to predict instan-
taneous efficiency. Inputs to the ANN included nanofluid con-
centration, flow rate, inclination angle and radiation intensity,
while instantaneous efficiency was the output. The model iden-
tified optimal neurons based on the minimal MSE and a high
coefficient of determination (R?). Results revealed a 32.25% en-
hancement in instantaneous efficiency using the Cu-MWCNTSs
hybrid nanofluid, with R? values ranging from 0.8857 to 0.9989,
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demonstrating strong predictive accuracy. This research high-
lights the effectiveness of hybrid nanofluids and ANN-based
modelling for optimising FPC performance in heat transfer and
thermal applications like fluid and space heating.

Mustafa et al. [56] investigated the thermal performance of
a double-fluid parabolic trough solar collector (PTC) with a hel-
ical absorber tube, following the American Society of Heating,
Refrigeration and Air Conditioning Engineers (ASHRAE)
Standard 93 [57]. The study utilised non-Newtonian nanofluids
as the working fluid, analysed using the finite volume method,
the semi-implicit method for pressure linked equations (SIM-
PLE) algorithm and the k—¢ turbulence model, with the im-
portance of the turbulence model emphasised [58]. The results
identified the optimal configuration as a double-fluid solar re-
ceiver featuring a helical absorber tube, a nanofluid volume frac-
tion of 4% and a nanoparticle diameter of 50 nm. At a Re num-
ber of 5000, the single-flow PTC achieved a maximum effi-
ciency (ymax) of 47.5% with nanofluids and 43.1% with water.
In comparison, the double-flow PTC reached efficiencies of
56.5% at a 1% nanofluid concentration and 58.2% at 4%. Addi-
tionally, a deep learning-based ANN model was employed to
predict efficiency, effectively correlating nanoparticle concen-
tration, diameter and Re number with the system performance.
This demonstrated the reliability of ANN models for predicting
PTC efficiency.

3.12. ANN prediction in SAH

Ghritlahre et al. [59] focused on the application of ANN for pre-
dicting the thermal performance of SAH, comparing roughened
surfaces like arc-shaped wire ribs and smooth duct designs. This
research emphasises identifying and utilising relevant input pa-
rameters for performance prediction. Seven neural models were
developed, varying the number of neurons, with ANN-II (8-14-
1 architecture) identified as the optimal model based on metrics
such as sum square error (SSE) (0.02138), mean relative error
(MRE) (1.82%) and R? (0.99387). The ANN model outper-
formed the group method of data handling (GMDH) approach,
demonstrating superior accuracy. Sensitivity analysis further re-
vealed that the air mass flow rate is the most critical input pa-
rameter affecting SAH performance. This study underscores the
efficacy of ANN in enhancing SAH performance predictions,
setting a benchmark for data-driven modelling approaches in so-
lar thermal research. Kumar et al. [60] demonstrated the effec-
tiveness of ANN models trained with the Levenberg—Marquardt
algorithm in accurately predicting the thermal efficiency of
wire-screen porous bed solar air heaters under unidirectional and
cross-flow configurations. High coefficients of determination
(R?=0.999 and 0.996) and low error metrics confirm that the
ANN is a reliable and robust tool for predicting the thermal per-
formance of porous bed SAHs.

Further research [61,62], particularly multi-layer perceptron
(MLP) models, has shown them to be efficient and reliable tools
for modelling and performance prediction of solar air heaters
due to their capability to handle nonlinear and complex system
behaviour. By critically analysing studies from 2009 to 2021,
the paper identifies MLP as the most widely applied ANN ar-
chitecture for SAH performance prediction and outlines re-
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search gaps to guide future optimisation and modelling efforts
[63]. Emphasises artificial neural networks as efficient soft-
computing tools for predicting and optimising solar air heater
performance, offering faster and cost-effective alternatives to
conventional experimental and analytical methods.

3.13. Field survey

Tschopp et al. [64] provided a comprehensive dataset from
a large-scale solar thermal collector array at Fernheizwerk Graz,
Austria, one of Central Europe's largest solar district heating in-
stallations, featuring a gross collector area of 516 m? (361 kW
of nominal thermal power). High-precision operational data,
collected throughout 2017 with a 1-minute sampling rate and
rigorous quality assurance (8.2% missing data), include key pa-
rameters such as flow rates, inlet and outlet temperatures, vari-
ous irradiance metrics and weather conditions. The dataset also
provides calculated values, such as thermal power output and
mass flow, along with detailed uncertainty information for most
variables. Released under a Creative Commons Attribution-
Share Alike (CC BY-SA) 4.0 license with metadata in machine-
readable JavaScript Object Notation (JSON) format, this dataset
is ideal for applications such as dynamic model validation, radi-
ation algorithm development, performance optimisation and un-
certainty analysis. Notably, it is the first publicly available da-
taset of its kind for large-scale solar thermal collector arrays.

3.14. Weather prediction

Falope et al. [65] introduced a 3-step forecasting architecture us-
ing low-level data fusion to syndicate weather parameters from
physical on-site and nearby weather stations, significantly im-
proving solar energy prediction accuracy. By applying the Pear-
son correlation coefficient, weather variables with strong corre-
lations to solar radiation were identified, enhancing forecasting
models. Pre-processing techniques like rescaling and list-wise
deletion further improved accuracy, with utility-scale (1 MW)
and residential rooftop PV systems (8 kW, 10.5 kW, and 15 kW)
achieving low RMSE values, demonstrating versatility across
different PV sizes.

The model improved prediction accuracy by 6% and 13%
over single-source data and by 19% when combining multiple
data sources without correlation-based feature selection. Solar
radiation emerged as the most critical predictor, achieving an
RMSE of 0.0859 with the boosted tree algorithm. While the ar-
chitecture’s reliance on solar radiation data and its United King-
dom (UK) centric scope are limitations, future research could
extend the model globally, incorporate negatively correlated pa-
rameters and explore advanced validation and pre-processing
methods. This approach could also support forecasting for other
renewable energy (RE) sources, such as wind and tidal, broad-
ening its applicability in renewable energy forecasting.

3.15. Failure prediction of PV plant

Pereira and Silva [66] emphasised the critical role of ML algo-
rithms in the monitoring, classification and prediction of in-
verter failures in PV solar energy plants. By leveraging histori-
cal data, ML enables the anticipation and optimisation of in-
verter performance, thereby improving energy production and
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efficiency. Recommendations include connecting standardised
modules in series or parallel to enhance voltage, current and ca-
pacity in power-conversion systems, and incorporating clamp
circuits to protect inverters from inrush and overcurrent. Sea-
sonal variations in inverter failures inform tailored control strat-
egies to enhance reliability, while continued and improved data
collection is essential for robust evaluation of failure rates and
recurrent patterns, aiding post-warranty maintenance. Tech-
niques such as sinusoidal pulse-width modulation reduce har-
monic distortion and control output voltage, contributing to en-
hanced power-conversion efficiency. Results demonstrate the
effectiveness of ML in identifying failure modes and patterns,
issuing alarms for parameter deviations and providing insights
into root causes. The findings underline the importance of data-
driven monitoring and predictive maintenance for improving re-
liability and operational performance in solar PV systems.

4. Performance of experimental analysis of solar
air heater

In this study, the extreme gradient boosting (XG-boost) machine
learning model is employed to predict the thermo-hydraulic per-
formance score (THPS) of an SAH with polygonal ribs. Unlike
conventional statistical approaches, XG-boost efficiently han-
dles non-linear relationships between the geometric parameters
and Re number by optimising decision trees through gradient
boosting. The dataset comprises experimentally obtained THPS
values for different rib geometries (polygonal and trapezoidal),
pitch-to-height p/e ratios (p/e =5, p/e = 7.5, and p/e = 10) and
Reynolds numbers (Re = 2000 to Re = 20000). The input fea-
tures include a) rib geometry type, b) p/e ratio, and ¢) Re, while
the target variable is the corresponding THPS value. The model
is trained using an 80:20 train-test split, and hyperparameters
such as learning rate, tree depth and regularisation terms are op-
timised to enhance the prediction accuracy. The detailed sche-
matic diagram is shown in Fig. 5, and the position of the ther-
mocouples placed to record the temperature in the absorber plate
as illustrated in Fig. 6.

Fig. 5. Experimental setup of SAH: a) side view, b) front view.
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Fig. 6. Location of thermocouples for temperature measurement
in flat plate SAH.

4.1. Experimental data

The experimental investigation was conducted on a rectangular
duct under varying mass flow rates, different rib positions and
a range of Reynolds numbers to analyse the thermo-hydraulic
performance. The results, as presented in Table 2 [67], highlight
the influence of rib positioning on the heat transfer characteris-
tics and frictional losses.

Table 2. Experimental reading of various rib surfaces in the absorber
plate.

Rib shape and (p/e) ratio

Reynolds ‘_g n 8 f E § .'rgu n .'rgu E .'rgu §
nomber | Be By By s BL B

£S| 25 |2 | 22| e8| 88

- [ == —

2000 1.54 1.86 1.77 1.47 1.71 1.68
4000 2.43 2.95 2.86 2.34 2.93 2.86
6000 2.23 2.54 2.50 2.14 2.48 2.47
8000 2.26 2.48 2.49 2.17 2.46 2.43
10000 2.04 2.20 2.19 1.90 2.12 2.11
12000 1.97 2.08 2.09 1,92 2.09 2.08
14000 2.10 2.21 2.20 2.05 2.19 2.19
17000 1.88 2.01 2.01 1.82 1.96 1.99
20000 1.95 2.04 2.05 1.82 2.02 2.07

4.2. Prediction of XG-boost

The application of the extreme gradient boosting (XG-boost)
machine learning model for predicting the thermo-hydraulic
performance score (THPS) of an SAH integrated with polygonal
and trapezoidal ribs has demonstrated high predictive accuracy
[25]. The model's performance was evaluated using key statisti-
cal metrics, including R2, mean absolute error (MAE), root mean
squared error (RMSE), and mean absolute percentage error
(MAPE), for both the training and test datasets.

To enhance the predictive accuracy of the THPS for an SAH
integrated with polygonal ribs, the XG-boost machine learning
model was employed. XG-boost is a powerful ensemble learn-
ing algorithm that constructs multiple decision trees sequen-
tially, where each subsequent tree corrects the errors of the pre-
vious one, thereby improving overall prediction accuracy.
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The dataset for training the XG-boost model was derived
from experimental THPS values for different Reynolds numbers
(Re = 2000 to Re = 20000) and (p/e) ratios (polygonal and trap-
ezoidal ribs) with (p/e) =5, p/e) = 7.5, and p/e) = 10. The input
parameters included the Reynolds number, rib geometry and p/e
ratio, while the target variable was THPS.

4.3. Mathematical modelling

The thermo-hydraulic performance (THP) of the system is eval-
uated using the following relationship [22]:

THP = (NU/NUo) / (f/fo) 0.333, )

where: Nu and Nu, are the Nusselt numbers for the roughened
and smooth configurations, respectively; f and f, are the friction
factors for the roughened and smooth configurations, respec-
tively.

The exponent 0.333 accounts for the trade-off between heat
transfer enhancement and pressure drop.

To predict the THP values under various operating condi-
tions, the XG-boost algorithm is employed. XG-boost, a gradi-
ent-boosting decision tree-based model, is selected due to its ef-
ficiency in handling nonlinear relationships and complex da-
tasets. The model is trained on the experimental dataset, with the
Reynolds number, p/e ratio and geometric configuration as input
features, and THP values as outputs. The relationship learned by
XG-boost is expressed as:

THPpred = Y=1 ax T (Re,p/e) + 3, (3)

where: ok are the model coefficients, Ty represents the tree-based
transformations learned by XG-boost, Re is the Reynolds num-
ber, p/e is the relative roughness parameter, /3 is the bias term.

Table 4. Comparison of experimental and XG-boost-predicted THP values.

4.4. Uncertainty analysis

The uncertainties and relative errors of key parameters, includ-
ing temperature difference across the heater in the test section,
air mass flow rate, solar radiation intensity, thermal efficiency,
useful heat gained and the convective heat transfer coefficient
of SAH were evaluated. The relative error results are presented
in Table 3.

Table 3. Uncertainty analysis of experimental reading.

Attained .
. . Relative
No. Parameter valuesin  Uncertainties error
SAH
Temperature
o
1 differences [K] 16 0.17 0.67
2 Mass-flow rate 0.062 +0.00103 1.67
(kg s7]
Solar radiation
+
3 (W m?] 900 17 0.71
4 Thermal efficiency [%] 77.9 +0.02 0.027
Connective heat
47. +0.71 1.71
> transfer [W m=2K™] ? 0
6 Useful heat gained by 8728 +81 157

SAH [W]

5. Results and discussion

The comparison between experimental and predicted values is
conducted to validate the accuracy of the XG-boost model in
forecasting the thermal performance of solar air heaters with dif-
ferent rib configurations. The detailed predicted values are pre-
sented in Table 4.

No. c°"f(i§;‘:;'ti°" Re = 2000 | Re = 4000 | Re = 6000 | Re = 8000 | Re = 10000 | Re = 12000 | Re = 14000 | Re = 17000 | Re = 20000 Mode
L Polygonal 1.54 2.43 2.23 2.26 2.04 1.97 2.10 1.88 1.95 Experimental
(p/e =5) 1.52 2.40 2.21 2.25 2.03 1.95 2.09 1.86 1.94 ML prediction
5 Polygonal 1.8 2.95 2.54 2.48 2.20 2.08 2.21 2.01 2.04 Experimental
(p/e =7.5) 1.83 2.90 2.50 2.45 2.18 2.06 2.19 1.99 2.02 ML prediction
3 Polygonal 1.77 2.86 2.50 2.49 2.19 2.09 2.20 2.01 2.05 Experimental
(p/e = 10) 1.75 2.83 2.47 2.46 2.17 2.07 2.18 2.00 2.03 ML prediction
4 Trapezoidal 1.47 2.34 2.14 2.17 1.90 1.92 2.05 1.82 1.82 Experimental
(p/e=5) 1.45 2.30 2.12 2.14 1.88 1.91 2.03 1.80 1.81 ML prediction
5 Trapezoidal 1.71 2.93 2.48 2.46 212 2.09 2.19 1.96 2.02 Experimental
(p/e =7.5) 1.69 2.89 2.45 2.43 2.10 2.07 217 1.94 2.00 ML prediction
6 Trapezoidal 1.68 2.86 2.47 2.43 2.11 2.08 2.19 1.99 2.07 Experimental
(p/e =10) 1.66 2.83 2.44 2.40 2.09 2.06 217 1.97 2.05 ML prediction

The comparison between the experimentally obtained values
and machine learning (ML) predicted values using the XG-boost
model provides significant insights into the reliability and effi-
ciency of ML-based approaches in thermal performance predic-
tion. The experimental results for the thermo-hydraulic perfor-
mance (THP) under different rib configurations and Reynolds
numbers were systematically evaluated and compared with the

predicted values from the XG-boost model. The detailed com-
parison reveals that the ML predictions exhibit high accuracy,
with deviations ranging between 2.24% and 4.90% from the ex-
perimental values, which falls within an acceptable error range
for engineering applications.

The predictive capability of the XG-boost model highlights
its effectiveness in capturing complex non-linear relationships
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between the Re number, rib configurations and thermal perfor-
mance metrics such as the Nu number, friction factor (f) and per-
formance evaluation coefficient (PEC). The highest accuracy
was achieved for mid-range Re numbers, where flow turbulence
and heat transfer interactions were well represented in the train-
ing data.

From a technical standpoint, integrating ML models like
XG-boost into thermal performance analysis presents several
advantages for researchers and engineers. Traditional experi-
mental methods require extensive resources, time, and high op-
erational costs due to repeated physical setups, sensor calibra-
tions and data acquisition processes. In contrast, once trained on
experimental datasets, the XG-boost model can rapidly predict
THP values under varied conditions without the need for addi-
tional physical testing, thereby reducing the overall time and
cost by approximately 60—70% in iterative testing processes.
This advantage is particularly beneficial for designing solar air
heaters, heat exchangers and other thermal systems, where par-
ametric studies involving multiple geometries and operating
conditions can be computationally optimised before physical
prototyping.

Figure 7 presents a heat map of the XG-boost model perfor-
mance metrics for both training and testing datasets. The colour
intensity highlights the magnitude of each metric, with lighter
shades representing lower errors (MAE, RMSE and MAPE),
and darker shades indicating higher values. The heat-map
clearly shows that the model achieves high predictive accuracy
(R? =~ 0.98) while maintaining low error values across both da-
tasets, demonstrating its robustness and generalisation capabil-
ity. This visual representation allows quick comparison of
model performance metrics and effectively supports the reliabil-
ity of the proposed ML approach.

Heatmap of XGBoost Model Performance Metrics
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Fig. 7. Heat map of XG-boost model of THP prediction.

Additionally, ML-based predictions enable real-time analy-
sis and optimisation, making them highly suitable for adaptive
control systems in solar collectors. The model's ability to predict
THP with high accuracy enables researchers to make data-
driven decisions on material selection, rib design modifications
and operational strategies, thereby enhancing the overall effi-
ciency of thermal energy systems. The low MAE (0.032 for
training and 0.045 for testing) and RMSE (0.041 for training and
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0.056 for testing) demonstrate the model's robustness in mini-
mising absolute and squared deviations between predicted and
actual values. Moreover, the MAPE values (1.98% for training
and 2.42% for testing) indicate that the XG-boost model main-
tains a low percentage error, ensuring reliable predictions even
for unseen data points. The model’s strong performance can be
attributed to its ability to handle nonlinear dependencies, opti-
mise feature importance and reduce over-fitting through gradi-
ent boosting and tree pruning techniques.

The implications of these findings are significant for the de-
sign and optimisation of energy-efficient solar air heaters. The
ability to accurately predict THPS without extensive experi-
mental iterations enables rapid prototyping of different rib con-
figurations. This approach not only reduces computational costs
but also accelerates the deployment of optimised solar air heater
systems for sustainable energy applications. The performances
are presented in Table 5.

These results strongly support the applicability of XG-boost
for accurate THPS predictions and highlight its potential in en-
hancing thermo-hydraulic performance evaluations without the
need for extensive experimental setups. Future studies can focus
on integrating real-time sensor data with the XG-boost model to
enable dynamic monitoring and adaptive control of solar air
heater operations in varying climatic conditions.

Table 5. Performance metrics of XG-boost model for THPS prediction.

No. Metric Training Set | Testing Set

1 R? score 0.984 0.976

2 Mean absolute error (MAE) 0.032 0.045
Root mean squared error

3 (RMSE) 0.041 0.056
Mean absolute percentage

4 1.989 2.429

error (MAPE) % %

6. Challenges and future direction

6.1. Challenges

Despite notable progress in applying ML techniques to solar
thermal energy systems, several critical challenges limit their
large-scale implementation. One major issue is the limited avail-
ability of high-quality, real-time experimental data required for
robust model training and validation. Additionally, developing
generalised ML models that maintain prediction accuracy across
diverse climatic zones, collector geometries and operating con-
ditions remains challenging. The integration of ML algorithms
with existing solar thermal infrastructure and control systems in-
troduces practical complexities, including system compatibility
and real-time deployment. Furthermore, high computational re-
quirements, data pre-processing efforts and the need for models
capable of handling highly nonlinear, transient and uncertain en-
vironmental conditions pose significant barriers to widespread
adoption.

6.2. Future directions

Future research should prioritise the development of hybrid
physics-informed machine learning models that couple energy
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balance equations with data-driven algorithms to improve pre-
diction accuracy, robustness, and physical interpretability. Em-
phasis should be placed on real-time implementation of ML
models using edge computing and embedded systems for adap-
tive control, fault diagnosis and performance optimisation of so-
lar thermal collectors. Advanced learning strategies such as deep
neural networks, reinforcement learning for operational control,
and transfer learning for climate-independent model generalisa-
tion are recommended to address data scarcity and site-specific
limitations. Furthermore, tight integration of ML with Internet
of Things (1oT) enabled sensor networks can enable high-reso-
lution data acquisition for predictive maintenance and intelligent
energy management. Finally, future studies should incorporate
thermo-economic and sustainability metrics to support scalable,
cost-effective and environmentally resilient solar thermal sys-
tem design.

6.3. Research opportunities

Numerous research opportunities exist to advance ML applica-
tions in solar thermal energy. By optimising the integration of
PCMs and hybrid nanofluids, ML can significantly enhance
thermal storage and heat transfer efficiency, even under chal-
lenging weather conditions, while adhering to established guide-
lines [60]. ML can also be utilised for predictive maintenance,
enabling proactive interventions that reduce downtime and op-
erational costs. Developing localised solutions tailored to spe-
cific climatic and operational conditions can improve adoption
rates, particularly in diverse regions. Furthermore, ML has the
potential to optimise energy efficiency by minimising thermal
and frictional losses and scaling applications for large solar ther-
mal plants and decentralised systems, supporting the global tran-
sition to sustainable energy solutions.

7. Conclusions

The application of machine learning (ML) to solar collector sys-
tems marks a significant step forward in advancing solar thermal
technologies by enabling highly accurate performance predic-
tion, operational flexibility and improved system responsive-
ness. ML-based models provide reliable estimation of thermal
and thermo-hydraulic behaviour, allowing real-time optimisa-
tion of heat transfer characteristics and reduction of operational
expenses. In particular, tree-based learning approaches such as
XG-boost have proven effective in representing complex non-
linear interactions in SAH, incorporating artificial roughness
and PCM, with prediction errors consistently within acceptable
limits when compared with experimental observations.

Beyond predictive modelling, ML enhances system reliabil-
ity through continuous monitoring, early fault detection and in-
telligent control, thereby extending the operational lifespan of
solar collectors. Data-driven insights further support the optimi-
sation of hybrid nanofluids and PCM configurations, improving
thermal storage and heat transfer performance across a wide
range of climatic conditions. The capacity of ML algorithms to
analyse large-scale datasets also enables the development of re-
gion-specific performance models, increasing the practical ap-
plicability of solar thermal systems in diverse environments.
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Despite these advantages, challenges related to data quality,
computational requirements, and system integration remain and
require focused attention. Future advancements should empha-
sise physics-informed ML frameworks, hybrid learning strate-
gies, and tighter coupling with CFD tools to enhance model gen-
eralisation and physical consistency. Overall, this study rein-
forces the role of ML as a powerful enabler for intelligent, effi-
cient, and sustainable solar thermal energy systems, contributing
meaningfully to next-generation renewable energy solutions.
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