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Abstract: Photovoltaic thermal (PV/T) hybrid systems harness solar energy by 

simultaneously generating heat and electricity from sunlight. These systems consist of metallic 

panels with solar cells covered by glass, designed to convert sunlight into energy while 

absorbing heat. The research in this field has focused on improving PV/T efficiency, particularly 

in managing the heat that can negatively impact PV cell performance. This study explores the 

effects of temperature on the power, voltage, current, and thermal and electrical efficiencies of 

PV/T systems, aiming to enhance PV efficiency through experimental research. 

Focusing on Oman’s weather conditions, the study demonstrates that integrating thermal 

components significantly improves solar energy system performance, increasing the maximum 

output power of the PV system from 10.302 W to 11.607 W. Using empirical data, an artificial 

neural network model was developed with the multilayer perceptron approach, achieving high 

predictive accuracy. The analysis revealed minimal mean squared error values of 0.0055 for the 

PV system and 0.1358 for the PV/T system, along with a high coefficient of determination (R 

value) of 1 for the PV system and 0.9995 for the PV/T system. This study highlights the 

effectiveness of thermal component integration in enhancing solar energy system efficiency in 

Oman. 

 

Keywords: Photovoltaic/thermal; solar energy; ANN; MLP

1. Introduction 

Photovoltaic thermal (PV/T) integration refers to 

systems whereby photovoltaic (PV) cells are combined 

with thermal collectors. These systems also produce 

electrical energy as well as store heat energy from the 

sun1). In a normal sense, the initial sector of the PV/T 

system is the photovoltaic cells which convert the sun 

rays into electricity. Nonetheless, individual PV cells are 

capable of converting only a certain portion of the 

received solar energy, and the rest of the energy is mostly 

converted into heat2,3). In a PV/T system, this excess heat 

is picked up by a thermal collector which normally uses a 

fluid such as water or air, which flows beneath or around 

the PV cells4). It can be used for heating as in water 

heating space heating or even cooling depending on the 

design of the system5,6). 

Even with the similarities of both kinds of systems, the 

use of PV/T can generate both electrical and thermal 

energy with better efficiencies than either PV or solar 

thermal systems. Mainly they are useful in situations 

where both electric power and heat are essential, like in 

households and offices, industries, and farming7). PV/T 

systems combine two collectors to boost efficiency, lower 

costs, and take up less space while simultaneously 

generating energy and heat as shown in Fig. 1. The 

generation of PV/T current, voltage, power, efficiency, 

and heat energy is influenced by numerous variables. 

Such parameters include the PV system's location, 

ambient temperature, irradiance, humidity, dust, and 

many others8,9). Additionally, several modelling 

methodologies, such as analytical, regression, numerical, 

and artificial neural network (ANN), are utilized to assess 

PV/T efficiency10,11).  
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Fig. 1: PV/T system. 

 

Several studies were conducted to model and 

investigate PV/T systems. Table 1 presents a 

comprehensive comparison spanning the years 2011 to 

2023, incorporating diverse geographical locations 

worldwide. This comparative analysis is cantered on 

modelling and predicting PV/T performance, providing a 

systematic breakdown of key criteria. 

 

Table 1. Comparison of PV/T performance modelling using ANN. 

Reference location Year ANN model Input parameters Findings 

3) 

Oman 

Sohar 

24.3461N 

56.7075E 

2021 

MLP (3 layers) 

SOFM 

SVM 

G, Ta 

MSE= 0.04457 

NMSE= 0.26399 

MAE= 0.65084 

Min Abs Error= 0.01337 

R= 0.85800 

4) India 2023 MLP 
G, Ta, RH, WS, Ti, To 

 

ɳth = 50.7% 

ɳelec = 12.15% 

R= 0.99843 

MSE=0.03134 

5) 

Malaysia 

Bangui 

18.558N 

4.395E 

2019 MLP G, Ta 

R2= 0.81 

RMSE= 0.371 

MSE= 0.036 

7) 

Iran 

Ahrood 

34.64N 

50.876E 

2019 MLP G, Ta, FR 

R2= 1 

MSE= 0.093 

8) 

Mexico 

Yucatan city 

-89.094N 

20.709E 

2017 ANFIS RH, Ta, WE 

R2= 0.81 

RMSE= 0.371 

MSE= 0.036 

9) 

Iran 

Kermanshah 

34.457N 

46.670E 

2019 PSO L, D, W, Ta 

R2= 0.998 

MAE= 3.63 

MSE= 0.026 

11) 

Oman 

Sohar city 

24.3461N 

56.7075E 

2017 
MLP 

PSO 
G, Ta, RH 

R2= 0.998 

MAE= 3.6 

MSE= 0.03 

12) 

India 

Kalyani city 

22.9751N 

88.4345E 

2017 

Deep 

Learning 

DL 

SH, Ti, To 

 

MSE= 0.0043  

MAE = 1.7855  

13) 
Oman 

Sohar city 
2017 

MLP 

GFF 
G, Ta 

MSE = 0.06543  

RMSE = 0.2539  
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24.3461N 

56.7075E 

SOFM MAPE = 5.718  

NMSE = 0.2355  

MAE = 7.2593  

R2 = 0.9109 

14) 

Oman 

Sohar 

24.3461N 

56.7075E 

2024 
SOFM 

MLP 
G, RH, Ta 

MSE = 0.001  

MAE = 36.1%  

R2 = 0.999  

 

15) 

Turkish 

Osmaniye 

37.05N 

36.14E 

2017 ANN G, RH, WS, Ta 

RMSE = 0.398   

MAPE = 11.668  

MAE = 0.456   

R2 = 0.868  

16) 

Iran 

32.1648N 

48.25E 

2011 
MLP 

 
RH, Ta, EV, SH, WS 

MAPE= 6.08% 

R2= 0.9904 

MSE= 0.0042 

17) 

UAE 

Al-Ain 

24.1302N 

55.8023E 

2011 
MLP 

RBF 
RH, Ta, SH, WS 

RMSE= 0.349 

R2= 0.92 

MAE= -0.571 

Note: RH is relative humidity, Ta is ambient temperature, EV is Evaporation, SH is sunshine hours, WS is wind speed, G is Solar 

irradiance, FR is flowrate, L is length, D is depth, W is width, Ti is intel temperature, To is outlet temperature, ɳth is thermal 

efficiency, ɳelec is electrical efficiency 

 

 
Fig. 2: Comparison of PV/T modelling evaluation criteria. 

 

The provided data in Fig. 2 illustrates the frequency of 

various modelling evaluation criteria employed in 

research studies which are R2, MSE, R, RMSE, MBE, 

MAE, NMSE, and MAPE. Particularly, “Mean Squared 

Error” (MSE) and “Coefficient of Determination” (R2) are 

the most frequently utilized criteria. This prevalence 

highlights the significance of MSE and R2 in evaluating 

the performance and accuracy of predictive models, 

particularly in the context of modelling PV/T systems. 

Extensive literature supports the selection of these 

parameters as they are widely regarded as robust 

indicators of predictive accuracy and performance 

consistency. For instance, MSE effectively quantifies the 

average squared error, emphasizing large deviations, 

while R2 evaluates the proportion of variance explained by 

the model. Studies such as [insert key references here] 

have consistently demonstrated their reliability and 

applicability in solar energy research, particularly for 

PV/T systems. 

The choice of MSE and R2 in the current study is 

informed by a thorough examination and comparison of 

multiple studies, underscoring their reliability and 

relevance as essential metrics for assessing the success of 

predictive models. Moreover, their use aligns with 

established research practices, ensuring consistency and 

comparability of results within the domain of solar energy 

research. 

Figure 3 presents MSE values from various research 

studies conducted between 2011 and 2023, offering 

insights into the predictive accuracy of different models. 

Especially, References3) and12), which stand out with the 

minimum MSE of 0.004, suggesting a high level of 

precision in its predictions. The authors use G, RH, Ta, EV, 

SH, and WE as input parameters. This research merits 

attention for its exceptional performance in minimizing 

prediction errors on the other end of the spectrum. 

 

 
Fig. 3: Comparison PV/T modelling MSE. 

 

Reference7) demonstrates the maximum MSE of 0.093, 

signifying a relatively higher level of discrepancy between 
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predicted and actual values. The considerable MSE6) may 

indicate potential limitations or challenges in the 

predictive model employed. The used input parameters 

were G, Ta, and FR. 

Figure 4 presents R2 values from diverse research 

studies conducted between 2011 and 2023, offering 

insights into the goodness of fit of various predictive 

models. Especially7,8,10,14), and16) emerge with the highest 

R2 values approximately 0.999, indicating a remarkably 

close alignment between predicted and actual values and 

demonstrating high accuracy and reliability in their 

modelling approaches. 

 

 
Fig. 4: Comparison PV/T modelling R2. 

 

Conversely,5) and8) exhibit R2 values of approximately 

0.800, implying a comparatively lower level of precision 

in their predictions than observed in other studies. It is 

crucial to note that R2 values closer to 1 signify a better fit, 

while values closer to 0 indicate weaker model 

performance. These findings emphasize the importance of 

scrutinizing R2 values in solar energy research, providing 

valuable insights into the effectiveness of various 

predictive models for PV/T. 

 

 
Fig. 5: Comparison of PV/T modelling input parameters. 

 

The data in Fig. 5 explains the frequency of distinct 

input parameters in various research studies, with ambient 

temperature and solar irradiance emerging as the most 

recurrently employed input variables. The consistent 

utilization of Ta and G highlights their paramount 

significance in the modelling and prediction of PV/T 

systems. The two mentioned parameters will be used in 

this study.  

The review of used ANN methods in Fig. 6 across 

research studies reveals that the MLP is the most 

frequently employed method. This widespread usage 

highlights MLP's effectiveness. In this study, MLP was 

used to model the PV/T system. MLP's demonstrated 

success, reflecting its robustness and suitability for 

capturing the intricate relationships within PV/T systems. 

 

 
Fig. 6: Comparison of PV/T ANN modelling methods. 

 

Aligning with established practices, using MLP ensures 

a reliable and consistent modelling approach based on 

insights gained from an extensive literature review and 

method comparison17,18). 

Reference19) studied the feasibility of measuring the 

performance of a flat solar collector using an intelligent 

neural network model. The researchers conducted several 

experiments in multiple arrangements (discrete, serial, 

and parallel). The experimental results were used to build 

a generalized regression neural network model design. 

The proposed model has mass flow rate, solar radiation, 

fluid temperature difference, and collector area as inputs 

while its outputs were power output and efficiency. The 

final accuracy of the developed model was about 98%. 

The usage of conventional energy sources in Oman 

affects the environment and considerably increases GHG 

emissions. With Oman's environment being marked by a 

lot of sunshine all year long, there is a special chance to 

use solar energy as a sustainable substitute. Many 

challenges faced in this issue included the ability to design, 

simulate, and shift PV/T solar energy systems that will be 

reliable, efficient, and optimized for the Oman climate 

conditions. The following are the challenges encountered 

while designing, simulating, and implementing PV/T 

solar energy systems: 

The first problem of focus is the absence of a perfect 

and efficient system of PV/T in Oman that will effectively 

harvest and convert solar radiation to useful heat energy. 

It is envisaged that such a system should be structurally 

planned and modelled maximally to ensure high energy 

efficiency given the local climatic factors such as heat, 

high humidity, and dust storms. The system should also 

be evaluated based on the results, including the 
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effectiveness, cost, and time effectiveness of the system, 

and the effective use of natural resources. 

By addressing this problem, one can work with Oman’s 

solar power potential, leading to tremendous energy 

conservation and a lesser demand for standard 

hydrocarbons20). The significance of this research lies in 

the optimization of efficiency, reduction of cost and space, 

and the combined production of heat and electricity. This 

current study employs the ANN modelling methodology 

that operates with the help of an experimental dataset of 

Oman to foresee and assess a PV/T system. 

Hence, the proposed study that aims at planning, 

simulating, and analyzing an Oman-based PV/T system 

will contribute to the development of the literature in the 

field of renewable energy. The research will be using 

experimental findings and ANN to make the performance 

and effectiveness of the system better. The objective of the 

present study is threefold: (i) to propose a PV/T system 

relevant to Oman's climate and energy demand, (ii) to 

investigate experimentally the behavior of the surfaced 

developed design in outdoor conditions and (iii) to employ 

ANN method for modelling and predicting the 

performance of the PV/T system. 

 

2. Methodology 

For the coding and analysis of this PV/T system’s 

performance and output simulation in Oman, MATLAB 

was used. The gathered data was used for training, cross-

validation, and testing as depicted in Fig. 7 above. In the 

same respect, cross-validation data was used for adjusting 

the model weights whilst test data for evaluating the 

performance of the proposed PV/T model. The training 

was to be done to a maximum of 1000 iterations to allow 

a thorough training of the network. The inputs of the 

model consisted of ambient temperature and the radiation 

from the sun while the output comprised the current and 

voltage of the PV/T system. 

 

 
Fig. 7: Research methodology. 

 

2.1  System description 

As concerns the construction of the PV/T module and 

the flow of water through it to absorb thermal heat, an 

overview is shown in Fig. 8 (a). The developed module 

comprises four anti-of-anti layers. The finishing layer is a 

glass plate – this layer serves not only as a material top 

layer but also as an anti-reflective cover due to the special 

coating. Below that a PV/T module can be seen which is 

made of Ethylene Vinyl Acetate (EVA) layer and a Tedlar 

Polyester Tedlar (TPT) layer. It has some important 

functions of safeguarding the photovoltaic cells against 

water penetration and subsequent damage which hinders 

the sturdiness and competence of the module. 

These water pipes, which work as thermoclines are 

mounted at the backside of the module as can be seen in 
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the figure below. These pipes consist of a folded copper 

pipe that is tightly fixed and is intended to absorb heat 

from the panel. More details of this setup are described in 

Fig. 8(b) in which the process of heat transfer has been 

illustrated. The last layer of the regard module is graphite, 

which improves the thermal conductivity of this layer and, 

therefore, increases the heat exchange in the system. 

 

 
(a) 

 
(b) 

 

 
(c) 

Fig. 8: (a) component of the PV/T module (b) the pipe 

collects the heat (c) experimental rig. 

 

The major parts of the PV/T system are a photovoltaic 

(PV) module, a water pump, thermal collector – pipes and 

a radiator, a DC fan, and electric/metal-thermal sensors. 

The PV module has a power rating of 20W, Isc of 1. 27A, 

and an open-circuit voltage (Voc) of 21. 9V. The DC 

water pump, which is used to circulate the coolant works 

at the maximum output of 45W, and the maximum 

pressure produced is 0.75 Mpa. The thermal collector 

comprises pipes for heat collection and heat transfer. The 

radiator and the DC fan are employed to cool down and 

prevent overheating of the circuits. The system has 

electrical and thermal sensors that give accurate data on 

the performance of the power system. In the real system 

configuration, the components in the PV/T system can be 

set up as shown in Fig. 8(c). Table 2 lists the used 

measuring devices and their uncertainties. 

 

 

Table 2. used measuring devices uncertainties. 

Equipment 
Measured 

Parameter 

Experimental 

uncertainty (%) 

Solar radiation 

intensity meter 
Irradiance ±1.2 

Thermocouples 

Temperature (PV 

module, PV/T 

collector, inlet, 

outlet, and 

ambient) 

±0.19  

 

Flow meter 
Coolants' flow rate 

(kg/s) 
±0.22 

Multi-meter Voltage ±0.05 

Multi-meter Current ±0.03 

 

2.2  Local climate 

Irradiances and ambient temperatures recorded in 

Sohar, Oman have been plotted in Fig. 9 and these records 

provide a record of the solar irradiance during the daytime 

in the region. The baseline solar irradiance entering the 

Earth's atmosphere approximately is 1000 W/m². The 

February measurements reflect the actual solar irradiance 

levels received on the ground, providing a detailed 

understanding of the local solar conditions. 

The dataset, measured using a Pyranometer, reveals 

that irradiance values vary throughout the day. The 

readings begin at 371.0 W/m² and gradually increase, 

peaking at 644.7 W/m² before slowly declining. 

Particularly, solar irradiance increases steadily until 

around noon (12:05), after which it begins to decrease. 

These fluctuations in radiation are influenced by factors 

such as atmospheric conditions, cloud cover, and the 

Earth's tilt, all of which affect the surface's direct 

exposure to sunlight. The daily radiation curve exhibits a 

distinct pattern. The peak value of 644.7 W/m² represents 

the highest solar irradiance, typically occurring around 

solar noon, while the minimum value of 264.2 W/m² 

corresponds to the lowest irradiance levels, usually 

observed in the early morning or late afternoon. The 

average daily irradiance was calculated to be 496.89 

W/m², offering a comprehensive overview of the solar 

energy available in the region throughout the day. 

 

 
Fig. 9: Irradiance and ambient temperature in sohar. 
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2.3  Test Procedure 

In this study, the performance and efficiency of a PV/T 

system cooled with water and air were studied. The PV 

system was designed, installed, and measured in real time 

outside the laboratory. The tested systems: 

• Conventional solar cells (PV), which were considered 

the main reference. 

• A combined water and air-cooled PV system. 

The first experiments were conducted on sunny and 

clear days, and during these experiments, the solar 

radiation intensity was measured instantly. Starting from 

June 3, 2017. The measurements were started at 8 am and 

ended at sunset. The water inlet and outlet were measured 

every half an hour as well as the ambient temperature. The 

water pumps and fan continued to operate after sunset to 

cool the PV module and continued to operate until it was 

confirmed that the panel's temperature was equal to the 

ambient air temperature to be ready for the next day's 

experiments. 

 

2.4 ANN modelling 

MLP is a feed-forward neural network, meaning that 

information travels in one direction—from the input layer 

through hidden layers to the output layer—without 

forming cycles or loops21). In MLP, connections between 

nodes are assigned weights adjusted during training to 

minimize the difference between predicted and actual 

outputs22,23). The backpropagation algorithm is commonly 

used for this purpose, propagating errors backward 

through the network to update weights. Activation 

functions in the hidden layers introduce non-linearity, 

facilitating the learning of intricate data relationships. 

Sigmoid, hyperbolic tangent (tanh), and rectified linear 

unit (ReLU) are among the commonly used activation 

functions. These components collectively enable MLPs to 

effectively learn and model complex patterns in various 

types of data. 

The backpropagation learning method calculates 

network errors and enables weight adjustments for the 

hidden layers. Which is defined in equation (1)24,25): 

 

ei(n) = di(n) − yi(n)                                              (1) 

 

where di is the desired dataset, and yi is the computed data 

value 

A delayed convergence is caused by the cost function 

gradient's slow evolution between iterations. To solve this 

issue and accelerate convergence, the momentum 

learning technique is applied, which will smooth the 

behavior. Equation (2) is used to calculate the momentum 

learning method26). 

 

wij(n + 1) = wij(n) + ηδi(n) + xj(n) + α ( wij(n) − wij(n − 

1) )                                                                             (2) 

 

α is the momentum factor, set to 0.7, η is the constant 

step size, δi(n) is the local error. 

ANNs are evaluated using various metrics, including 

MSE, R, R2, MAPE, RMSE, and COV. MSE is a critical 

metric representing the average of squared prediction 

errors27,28). It quantifies prediction accuracy and is 

calculated as the second moment of the error from the 

origin, as per equation (3)29). 

 

𝑀𝑆𝐸 =
1

𝑛
∑ ( 𝑌𝑖 − 𝑋𝑖)

2𝑛
𝑖=1                                              (3)  

 

where Yi is the n number of predictions, Xi is the n number 

of true values. 

R2 is a statistic that ranges from 0% to 100% that shows 

how near the data are to the fitted regression line. A value 

of zero signifies that none of the data's variables are 

centered around the mean, whereas a value of 100 implies 

that every variable is30), 

 

𝑅2 = 1 −
𝑆𝑆𝐸

𝑆𝑆𝑇
                                                                (4)  

 

3. Results and discussion 

3.1  Experimental results 

Figure 10 represents the relationship between the Ta and 

time. Tin and Tout denote the temperatures of the water 

employed to cool the module at the entry and exit points, 

respectively. It's seen that there is no relation between Ta and 

the temperature of the water in the PV/T system. However, 

Tin is lower compared with Tout, which means that the heat is 

transferred from the PV module to the water through the 

collector pipes31). 

 

 
Fig. 10: Ta, Tin, and Tout the PV/T system. 

 

The plotted values in Fig. 11 depict the voltage of both PV 

and PV/T systems, measured at 15-minute intervals from 

9:05 AM to 4:05 PM. Initially, the voltage is notably low as 

sunlight hasn't fully struck the cells to generate optimal 

voltage. As the graph progresses, it becomes evident that 

PV/T consistently records higher voltage compared to PV. 

The maximum measured voltage for PV/T is 21.9 V, 

surpassing the 20.2 V attained by the PV system. This 

difference highlights the positive impact of the cooling 

system on performance. This result is consistent with the 

results of references31) and32). 
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Fig. 11: Comparison between the PV and PV/T voltages. 

 

Figure 12 shows a comparison between the PV and PV/T 

output powers, which reveals notable differences in the power 

generated by each system. Comparing the maximum power 

outputs of the PV/T and PV reveals that the PV/T system 

attained a higher peak power of 11.607 W while the 

conventional PV system reached a maximum of 10.302 W. 

This observation suggests that the incorporation of a thermal 

component in the PV/T system contributes to enhancing 

power generation, potentially due to better temperature 

regulation and improved overall efficiency. References33) 

and34) have concluded a similar result. 

 

 
Fig. 12: Comparison between the PV and the PV/T output 

currents. 

 

3.2  ANN results 

The experimental data obtained from PV and PV/T 

systems serves as input for ANN prediction, facilitated 

through the implementation of the MATLAB neural 

network time series model known as Nonlinear 

Autoregressive with External input (NARX). An 

architecture and visual representation of this proposed 

model is depicted in the accompanying chart in Fig. 13. 

The training and testing of the MLP network involve 

dividing the dataset into three parts: 70% for training, 

15% for testing, and 15% for validation. The network 

undergoes multiple training iterations to optimize the 

MSE and R2 for prediction error and accuracy. The 

training and testing involve specifying input variables like 

G and Ta. In a PV system without thermal components, 

power, current, and voltage are the outputs, whereas in a 

PV/T system, besides electrical components there is Tin 

and Tout serve as outputs. 

The 'nntool' function is utilized for designing the ANN 

MLP model and for training and testing purposes. 

Normalization of the target using the "mapstd" function 

ensures a mean of zero and unity deviation, followed by 

assessing the error.  

The predictive validity is evaluated using the R2 by 

comparing the results with those obtained from the real 

model. Additionally, MSE is calculated to validate the 

predicted results further. 

 

 
(a) 

 

 
(b) 

Fig. 13: ANN (a) architecture, (b) implementation method. 

 

Figure 14(a) and (b) depict the regression analysis of 

thermal collector and non-thermal panels, showing R2 of 

0.99883 and 0.99991, respectively. In addition, MSE was 

found to be 0.0055,  

which is very low in comparison with other models in the 

literature illustrated in Table 1. These figures demonstrate the 

distribution of targets across training, validation, and test sets, 

with the optimal fit lying along the 45-degree line where 

outputs match targets. Particularly, the PV/T system data 

exhibits a strong alignment. Analysis using neural networks 

reveals that the MLP model surpasses traditional statistical 

methods, closely resembling measured values. This 

emphasizes the effectiveness of neural networks in predicting 

energy for PV/T system performance34). 

Figure 15 (a) and (b) serve as graphical representations 

showcasing the predictive output values (power and voltage) 

generated by the ANN model for the PV and PV/T systems 

and compare results with the experimental values. These 

figures offer insight into the model's predictive capabilities, 

shedding light on its performance under varying conditions 

and system configurations by using the ANN model. The 

figures indicate that the power and voltage generated by the 

PV system with thermal components are higher than those 

without thermal parts. 
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(a) 

 

 
(b) 

Fig. 14: Regressions for (a) PV, (b) PV/T. 

 

 
(a) 

 
(b) 

 

 
(c) 

Fig. 15: Comparing PV and PV/T performance for the predictive 

and experimental results. 

 

Moreover, the predictive power and voltage closely 

approximates the experimental power for both the PV and 

PV/T systems. While there is a slight difference between the 

PV and PV/T systems output current even by experiment or 

ANN prediction. References35,36) and37) gave similar results to 

these. 

 

4. Conclusion 

In the present work, a new PV/T system was created and 

simulated to fulfill the climatic and energy requirements of 

Oman. Local climatic conditions were used to gauge the 

efficiency of the systems, thus testing the feasibility of the 

system operationally. The practical results indicated that the 

outpower of the PV/T system was increased by 12.66 

compared to PV module ones. 

And so, from the experimental data and sophisticated ANN 

simulations, it was revealed that the system behaves and can 

be modelled in a like manner. The implementation of the 

ANN models concerning the MLP approach also enabled the 

accurate evaluation of the weather conditions and possibilities 

of energy generation in the Sohar region in Oman. The model 

shows great predictive accuracy proving the lowest possible 

MSE of 0. 0055 for the PV system and 0. 955 for the PV/T 

system while a near-perfect coefficient of determination R2 = 

1 was determined for the PV system and 0.9995 for the PV/T 

system. Thus, enhancing thermal components in solar power 

systems is a vital strategy for improving the efficiency of such 

systems in the region. 

Furthermore, comparative analysis is done to assess the 

potential efficiency of the optimized model in terms of the 

electrical and thermal performance of both PV and PV/T 

systems. This analysis therefore provides a solid framework 

within which decision-makers can accurately predict future 

energy needs and determine the potential of renewably 

generated energy in Oman as well as deliberate and decide on 

the likely feasibility of the implementation of renewable 

energy technologies. Therefore, the outcomes of the study 

enhance the overall knowledge about the application of 

specialized systems in employing solar energy in certain 

geographic conditions that enable sustainable change toward 

clean energy. 
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Nomenclature 

ANN Artificial Neural Network 

G Solar Irradiance 

Isc Short Circuit Current 

PV Photovoltaic 

PV/T Photovoltaic/Thermal 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

MBE Mean Bias Error 

MSE Mean Squared Error 

MLP Multilayer Perceptron 

NMSE Normalised Mean Square Error 

R Coefficient of correlation 

R2 Coefficient of Determination 

RMSE Root Mean Squared Error 

Ta Ambient Temperature 

Tin Input Temperature 

Tout Output Temperature 

Voc Open Circuit Voltage 
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