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Abstract

This study presents an enhanced hybrid TLBO–ANN model for daily photovoltaic (PV)
power generation prediction. By combining the strong nonlinear modeling capacity of
Artificial Neural Networks (ANN) with the robust optimization capability of the Teaching–
Learning-Based Optimization (TLBO) algorithm, the proposed framework effectively im-
proves prediction accuracy and generalization performance. The model was trained using
real meteorological and power generation data and validated on a grid-connected PV power
plant in Türkiye. Results indicate that the hybrid TLBO–ANN approach outperforms the
conventional ANN by achieving 39.97% and 37.46% improvements on the test subset and
overall dataset, respectively. The improved convergence behavior and avoidance of local
minima by TLBO contribute to this enhanced accuracy. Overall, the proposed hybrid
model provides a powerful and practical tool for reliable PV power forecasting, which
can facilitate better grid integration, operational planning, and energy management in
renewable energy systems.

Keywords: hybrid TLBO–ANN model; photovoltaic power forecasting; intelligent
optimization; renewable energy systems; grid integration

1. Introduction
Today, meeting energy demand with sustainable sources has become a major priority

due to environmental concerns and the limited availability of fossil fuels. The share of
renewable energy sources in global energy production is increasing in line with environ-
mental sustainability goals [1]. In parallel, many countries are adopting policies to promote
the use of renewable energy [2]. Among renewable energy sources, solar energy stands
out as an environmentally friendly and unlimited energy source [3]. If the conversion
rate of only 0.1% of solar energy into electricity were 10% efficient, energy production of
approximately 3000 GW would be realized, which is almost four times the total annual
amount of energy consumed in the world [4]. While solar electricity generation in Turkey
was 5.7% of total electricity generation in 2023, this value was realized as 16.2% by the
end of August 2024 [5]. Photovoltaic power generation is increasing rapidly in Turkey and
the World.

Photovoltaic systems are the most widely used technology for converting solar energy
into electrical energy. Accurate estimation of power generation plays a critical role in the
efficient operation of these systems [6]. However, the inherently variable and unpredictable
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nature of solar energy makes it difficult to manage the power generation capacity of
photovoltaic systems [7]. Accurate forecasting of photovoltaic power generation is of
great importance for energy grid management, planning, and supply-demand balance [8].
Unpredictable photovoltaic power generation adversely affects the stability, reliability, and
planning of the power system [9,10]. However, since photovoltaic power generation is
affected by many environmental factors such as solar radiation, temperature, and wind
speed, it has to work with nonlinear and variable data [11].

Photovoltaic power generation forecasts are usually made at different time intervals:
very short, short, medium, and long term. Very short-term forecasts are those between
0–15 min, short forecasts are those between 15–60 min, medium forecasts are those between
1–24 h, and long-term forecasts are those longer than 24 h [12–14]. Very short and short-
term forecasts are particularly important for grid stability and optimizing energy supply.
Medium and long-term forecasts play a critical role in optimizing energy pricing, grid
planning, and maintenance schedules. Moreover, the integration of meteorological data
into forecasting models is an important factor in improving the accuracy of forecasts. In
particular, meteorological parameters such as solar radiation, temperature, wind speed,
and cloudiness are important variables in photovoltaic power generation [15–17].

Photovoltaic power generation forecasting can be defined under three headings: phys-
ical, statistical, and artificial intelligence (AI) model-based forecasting methods [18]. Photo-
voltaic power generation estimation can be realized by all three methods. However, the
power generation forecasting structures of all three methods are different from each other.
The physical method calculates a photovoltaic power forecast based on the parameters
of the photovoltaic panel by creating a mathematical model based on meteorological and
geological data [19]. With statistical forecasting methods, it can predict the photovoltaic
power generation of the next stage based on past statistical data of photovoltaic power
generation [20,21]. The AI model is a data-driven model. Photovoltaic power generation
prediction is trained by an AI model and used to predict photovoltaic power generation.
Moreover, AI models such as artificial neural networks (ANN), support vector machines
(SVM), and extreme learning machines (ELM) are also widely used in photovoltaic power
generation prediction [22–24].

Photovoltaic power generation forecasts play a critical role in grid operation, energy
management, and cost optimization. Reliable and accurate photovoltaic power forecasting
improves the performance of energy management systems and optimizes energy storage
strategies. While accurate forecasting is fundamental, contemporary research emphasizes
that the reliability of energy systems depends not only on prediction precision but also
on decision resilience under multiple uncertainties. Recent studies have highlighted the
importance of integrating forecasting with broader energy system resilience, particularly in
the context of transportation electrification and grid stability [25]. Furthermore, decision-
making strategies in extreme or isolated environments require robust forecasting data
to optimize energy dispatch and ensure system survivability, as demonstrated in recent
applications for isolated energy systems [26]. Therefore, the enhanced accuracy provided
by the proposed TLBO-ANN model serves as a critical input for these advanced resilience
and optimization frameworks.

In recent years, artificial intelligence and machine learning techniques have become
widely used and successful methods for photovoltaic power generation forecasting. Ar-
tificial Neural Networks (ANN) offer an effective solution in photovoltaic forecasting
processes with their ability to model nonlinear relationships [27]. ANN can learn complex
dependencies in large datasets and provide a powerful tool for predicting future energy
production. However, ANN models can give successful results if the correct hyperparame-
ter settings and network weights are optimized. Improperly optimized models can lead
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to reduced prediction accuracy. Accordingly, meta-heuristic optimization algorithms are
among the effective methods used to improve the performance of ANN.

Among meta-heuristic algorithms, the TLBO algorithm stands out as an effective
method for simulating group-based learning processes and solving complex optimization
problems. TLBO has an approach that increases the knowledge level of the population
by basing the learning stages on the teacher–student relationship [28]. This feature of
TLBO makes it a highly suitable method for optimizing complex weight structures and
hyperparameters of ANNs. For problems with variable data, such as photovoltaic power
forecasting, using TLBO in hybrid with ANN as the TLBO-ANN algorithm significantly
improves the prediction accuracy. Compared to other meta-heuristic algorithms, TLBO-
ANN provides fast convergence with fewer parameter requirements and produces effective
results in applications such as photovoltaic power prediction.

In the literature, many studies have been conducted on photovoltaic power forecasting.
In [29], short-term forecasts of photovoltaic power generation are presented using time
series analysis, machine learning (ML), and various forecasting methods. In [30], a genetic
algorithm (GA) assisted support vector machines (GASVM) technique is used for short-
term photovoltaic power generation forecasting, which takes into account the impact of
external environmental factors such as weather. In [31], it is discussed how model chains
can be optimized to provide reliable forecasts by generating probability distributions for
photovoltaic power generation using weather forecasts and solar radiation data. In [32],
hyperparameter optimization is performed with the white shark optimization (WSO) model,
taking into account weather conditions, photovoltaic inverter quality, and cleanliness of
photovoltaic modules in photovoltaic power forecasting. In [33], hyperparameter settings
of recurrent deep learning models for solar power generation forecasting are optimized
with the Reptile Search Algorithm (RSA) meta-heuristic algorithm. In [34], a solar energy
forecasting model is developed using a hybrid artificial neural network and a Shark scent
optimization algorithm. In [35], a hybrid JAYA and Artificial Neural Network (ANN) model
was used to predict power with PM10 and other meteorological data, and the results were
compared with ANN and continuum models. In [36], a hybrid meta-heuristic algorithm
model called DEPSO, which combines differential evolution (DE) and particle swarm
optimization (PSO) techniques, is developed for short-term power generation prediction of
building-integrated photovoltaic systems by estimating meteorological parameters such as
solar radiation, temperature, and solar irradiance. In [37], the benefits of the hybridization
of physical and machine learning (ML) models on photovoltaic power generation prediction
are investigated. In [38], the particle swarm optimization (PSO) algorithm is used to
estimate photovoltaic power, and the effects of factors such as solar irregularity and weather
are reported. In [39], the difficulties in forecasting photovoltaic power generation due to its
variability due to weather conditions are discussed and the ELM model is optimized with
an improved CSO algorithm to improve the forecasting accuracy. In [40], data preprocessing
techniques and an improved version of the ant colony optimization algorithm are used to
optimize support vector machine parameters to improve the accuracy of ultra-short-term
photovoltaic power prediction. In [41], a new deep neural network model based on particle
swarm optimization algorithm with randomly distributed delay is developed. In [42],
the focus is on the integration of long short-term memory (LSTM) and particle swarm
optimization (PSO) algorithms for multi-site solar power generation forecasting. In [43],
the performance of bootstrap and quantile regression (QR) methods for quantitatively
assessing uncertainty in photovoltaic power generation forecasts is studied. In [44], a
forecasting strategy using the Hybrid Wavelet Transform–Particle Swarm Optimization–
Support Vector Machines (WT-PSO-SVM) model is developed to forecast short-term solar
photovoltaic power generation. In [45], a model based on the online sequential extreme
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learning machine with a forgetting mechanism (FOS-ELM) algorithm is developed for short-
term photovoltaic power forecasting. In [46], photovoltaic power generation forecasting
was performed using similar day analysis (SDA), genetic algorithm (GA), and extreme
learning machine (ELM).

To provide a clear overview of the current state of the art and to contextualize the
contributions of this study, a comparative summary of existing PV power prediction
methodologies is presented in Table 1. This table highlights the key characteristics, advan-
tages, and limitations of physical, statistical, conventional AI, and hybrid meta-heuristic
approaches, contrasting them with the proposed TLBO-ANN framework.

Table 1. Comparative summary of existing photovoltaic power prediction methods.

Method Key
Characteristics Advantages Limitations Ref.

Physical
Methods

Based on
mathematical

modeling of PV
panels and

meteorological
data.

No training
data required;

good for stable
conditions.

Sensitive to rapid
weather changes;
requires precise

system parameters.

[19]

Statistical
Methods

Uses historical
time series data to

predict future
values.

Simple
computation;
effective for

linear patterns.

Struggles with
non-linear and

chaotic
weather data.

[20,21]

Conventional
ANN

Data driven AI
model mimicking
neural networks.

Strong
non-linear
mapping
capability.

Prone to getting
stuck in local
minima; slow
convergence.

[27]

Hybrid meta-
heuristic

algorithm

Optimization
algorithms

coupled with
ANN.

Improved
accuracy over
a standalone

ANN.

Requires tuning of
complex parameters
(mutation, inertia);
computationally

expensive.

[30–38]

Proposed
TLBO-ANN

Parameterless
optimization

coupled
with ANN.

Fast
convergence;

robust against
local minima;
no parameter

tuning.

Dependent on the
quality of

training data.

[This
Study]

This study aims to provide higher accuracy in photovoltaic power estimation by
combining ANN and TLBO algorithms in a hybrid TLBO-ANN model. TLBO aims to
reduce the error rates obtained in the prediction process by optimizing the parameters of the
ANN. The hybrid TLBO-ANN model aims to provide a more efficient solution compared
to traditional methods, enabling energy grid management and photovoltaic systems to
operate more efficiently. Although several previous studies have proposed hybrid TLBO-
ANN models in different domains (e.g., solar energy, wind energy), this study presents a
unique application focused specifically on medium-term forecasting using a 92-day dataset
collected from a PV plant located in the Central Anatolian region of Türkiye. This regional
and temporal specificity makes it a novel contribution to the literature, particularly in
contexts with similar climatic profiles.

This study makes several key contributions to the field of renewable energy fore-
casting. Primarily, it proposes an enhanced hybrid TLBO-ANN algorithm that effectively
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combines the non-linear modeling capacity of ANNs with the robust optimization features
of the TLBO algorithm. A distinct advantage of the proposed TLBO approach, unlike other
popular meta-heuristic algorithms such as Genetic Algorithms (GA) or Particle Swarm
Optimization (PSO), is its “parameter-less” nature. TLBO does not require the tuning of
algorithm-specific parameters (e.g., mutation rate, crossover probability, or inertia weight),
which significantly reduces the risk of operator error and computational complexity. Con-
sequently, this study not only applies this robust framework to real-world regional data
from a Mediterranean climate zone but also provides a rigorous benchmarking against
GA-ANN and PSO-ANN models to demonstrate its superior convergence stability and
prediction accuracy.

The rest of the article is structured as follows: Section 2 introduces the steps of the
artificial neural networks and the Teach-Learn Based Optimization algorithm and the
structure of the proposed TLBO-ANN hybrid model. Section 3 details the prediction results
for photovoltaic power with TLBO-ANN and ANN. The conclusions of the study are
presented in Section 4.

2. Materials and Methods
In this study, a hybrid TLBO-ANN model was developed using Artificial Neural

Networks (ANN) and Teaching-learning-based optimization (TLBO). The simulation results
of this model were analyzed using Matlab R2017b program on an Intel Core™ i7-2620
2.7 GHz and 8.00 (64-bit) GB RAM PC.

2.1. Artificial Neural Networks

Artificial neural networks (ANN) are known as a common and powerful technique
that mimics the activity and performance of the human brain and nervous system [47].
This technique has many important capabilities, such as generalization and learning from
data. ANN is fed with input data using hidden layers to produce the desired output and
consists of layers called neurons [48]. While the input layer processes the input data, the
output layer predicts the outcome [49].

Hidden layers in ANNs are the structures where most of the computations in the
network are performed. The channels connecting the neurons in these layers are initially
assigned certain weights. The input data is multiplied by these weights and transmitted to
the hidden layer neurons. Each neuron adds a bias value to the total input signal it receives.
This total signal is then subjected to an activation function, which determines whether the
neuron will be active or not. Neurons that are active transmit the acquired data to the
next layer. This process continues until the data reaches the output layer in the last layer.
The network is trained by comparing the predicted output with the actual result, and the
weights are updated by backpropagation according to the prediction errors. This process is
repeated until the network accurately produces the desired output [50].

In summary, ANN has the ability to train and organize the network using histori-
cal data and has key features such as high fault tolerance, collective computation, self-
learning, and self-organization [51]. In this study, a standard multilayer perceptron (MLP)
architecture is utilized to model the complex nonlinear relationships between the input
meteorological parameters and the output power generation [35].

2.2. Teaching–Learning-Based Optimization

Teaching–learning-based optimization (TLBO) is an intelligence evolutionary algo-
rithm that simulates the teaching behavior of a natural classroom [52]. In other words,
TLBO, proposed by Rao et al. [28], is motivated by the behavior of teachers and students
in the classroom. The TLBO algorithm consists of two parts: teachers’ teaching behav-

https://doi.org/10.3390/app16010157

https://doi.org/10.3390/app16010157


Appl. Sci. 2026, 16, 157 6 of 15

ior and students’ learning behavior. The former focuses on increasing the average value
of the population through teachers’ teaching behavior. The latter is used to achieve the
complementary advantages of students through learning behavior, bringing the lower
individuals closer to the optimal individual, and then improving the overall level of the
population. In terms of the optimization algorithm, the TLBO process can be interpreted
through a classroom analogy [53]. In this framework, each student represents a potential
solution, where the outcome of each subject studied constitutes a specific component of
that solution. Collectively, all solutions form the population. This population evolves and
seeks to identify better solutions through multiple iterations, which are divided into two
distinct phases: the teacher phase and the student phase.

2.2.1. Teacher Phase

This is the first stage of the algorithm, and the stage where learners learn directly from
the teacher. In this process, the teacher tries to increase the grade point average of the class
based on his/her ability in a subject considered by him/her. Therefore, the solution with
the best objective function value in the population is considered to be the teacher. In the
teacher stage, there is an average difference between the teacher’s level and the student’s
learning level, which can be defined as in Equation (1) [54].

Di f f erence_Meanj,k,i = rj,i

(
Xj,kbest,i − TF Mj,i

)
(1)

Xj,kbest,i is the result of the best learner (new teacher) on subject j, TF (Teaching Factor)
is the teaching factor (teacher’s ability) that decides the change in the mean value, and rj,i is
a random number in the interval [0,1]. The value of TF can be 1 or 2 and is decided randomly
by the following probability equation. The expression of TF is defined in Equation (2) [54].

TF = round[1 + rand(0, 1)] (2)

Taking the value of Di f f erence_Meanj,k,i as a reference, the value of the current solu-
tion at this stage is updated according to Equation (3) [54].

X’
j,k,i = Xj,k,i + Di f f erence_Meanj,k,i (3)

If X’
j,k,i gives a better function value than Xj,k,i by w (positive number value for maxi-

mization problem, negative number value for minimization), it is accepted. At the end of
the tutoring phase, the accepted function values are retained, and these values form the
inputs to the learning phase.

2.2.2. Student Phase

In the student phase, students try to increase their knowledge by influencing each
other. The learner stage is a stochastic process in which learners are influenced by another
learner to increase their knowledge. If a learner has more knowledge than another learner,
he/she learns new knowledge from him/her. Considering the population size n, the
learning process of this stage is expressed in Equations (4) and (5) [54]. At any iteration
i, each student is compared with a randomly selected other student. In this comparison,
X’

P,i ̸= X’
Q,i for two randomly selected students P and Q (X’

P,i and X’
Q,i are updated values

at the end of the teaching phase):

X’’
j,P,i = X’

j,P,i + rj,i

(
X’

j,P,i − X’
j,Q,i

)
i f f

(
X’

P,i

)
< f

(
X’

Q,i

)
(4)

X’’
j,P,i = X’

j,P,i + rj,i

(
X’

j,Q,i − X’
j,P,i

)
i f f

(
X’

Q,i

)
< f

(
X’

P,i

)
(5)
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If X’’
j,P,i is a better function value, it is accepted, and the flow diagram of the TLBO

method is given in Figure 1.

 

Figure 1. TLBO flow diagram.

2.3. Proposed TLBO-ANN Hybrid Model

In the proposed TLBO-ANN hybrid model, the ability of ANN to search for the
global optimum is combined with the fast convergence capability of the TLBO algorithm.
This approach aims to utilize the strengths of TLBO and ANN most effectively. In this
context, the population is divided into two groups according to the fitness values of the
individuals; the best half of the population is optimized by TLBO, while the worst half is
treated with ANN. This equal population split was deliberately selected to preserve the
‘parameter-less’ advantage of the proposed framework, ensuring a neutral balance between
global exploration and local exploitation without introducing an additional user-defined
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hyperparameter. In this way, the advantages of both methods are combined to achieve a
more efficient optimization process.

In the TLBO-ANN hybrid model, the population is split into two groups after each
iteration to prevent solutions from being trapped in local minima and to preserve diversity
in the search space [55]. This method increases the ability of the TLBO-ANN hybrid model
to escape from the local optimum. In the model, TLBO is used to optimize the best half of
the population, while ANN is used to process the weakest half of the population. Figure 2
shows the flow diagram of the TLBO-ANN model.

 

Figure 2. TLBO-ANN flow diagram.

In this study, PV forecasting parameters such as solar irradiance, ambient temperature,
and wind speed are used as inputs for training the ANN model. TLBO then optimizes
the weight and bias parameters of the ANN by evaluating the fitness function based on
forecasting error (e.g., MAPE). These environmental parameters indirectly influence the
TLBO process by shaping the ANN’s input–output behavior, which TLBO seeks to improve.
This integration ensures that meteorological variability is effectively accounted for within
the optimization loop.

2.4. Model Configuration and Hyperparameters

To ensure the reproducibility of the study and to provide a clear understanding of
the proposed framework’s complexity, the detailed architectural parameters and hyper-
parameter settings are presented in Table 2. The input layer consists of three neurons
corresponding to the meteorological variables (solar irradiance, ambient temperature, and
wind speed), while the output layer has a single neuron representing the predicted PV
power. The optimal number of neurons in the hidden layer was determined through a
trial-and-error procedure to balance generalization capability and convergence speed. For
the TLBO process, the population size and maximum iteration limits were selected to
ensure sufficient search space exploration without incurring high computational costs.
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Table 2. Detailed architecture and hyperparameters of the proposed TLBO-ANN model.

Parameter Value/Description

ANN Architecture

Input Layer Neurons 4 (PV Power, Solar Radiation,
Temperature, Wind Speed)

Hidden Layers 1

Hidden Layer Neurons 5

Output Layer Neurons 1 (PV Power Output)

Activation Function (Hidden) Sigmoid

Activation Function (Output) Linear (Purelin)

TLBO Settings

Population Size 50

Maximum Iterations 100

Stopping Criterion Maximum iterations reached or Min. Error

3. Prediction Results for Photovoltaic Power with TLBO-ANN and ANN
In this study, utilizes data obtained from a 7 MW solar power plant located in the

northwestern part of Turkey’s Central Anatolia Region (Latitude: [40.20]◦ N, Longitude:
[29.21]◦ E). The dataset consists of PV power, solar radiation, temperature, and wind
speed, covering a 92-day period from 1 March 2023 to 31 May 2023. In the forecasting
study, 92 days of historical photovoltaic power, ambient temperature, solar radiation,
and wind speed parameters are used to predict the photovoltaic power to be generated.
Although the dataset is limited to a quarterly period, this specific timeframe represents
a high-variability transition season within the Central Anatolian climate. This period is
characterized by rapid fluctuations in cloud cover and temperature, as opposed to the
stable clear-sky conditions typical of summer months. Consequently, this dataset was
deliberately selected to serve as a ‘stress test’ for the forecasting algorithms, challenging
the TLBO-ANN model to converge under highly non-linear and volatile environmental
conditions where traditional models often fail. The results of the ANN and TLBO-ANN
hybrid prediction models are compared. The comparisons were made separately for the
whole dataset, training, and test subsets, and mean absolute percentage error (MAPE), root
mean square error (RMSE), mean absolute error (MAE), and determination coefficient (R2)
functions were used to evaluate the model accuracy. MAPE, RMSE, MAE, and R2 error
functions are calculated using Equations (6)–(9).

MAPE =
1
n

n

∑
i=1

(
ti − pi

ti

)
× 100 (6)

RMSE =

√
1
n

n

∑
i=1

(ti − pi)
2 (7)

MAE =
1
n

n

∑
i=1

|ti − pi| (8)

R2 = 1 −

n
∑

i=1
(ti − pi)

2

n
∑

i=1
(ti − t)2

(9)
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In Equations (6)–(9), ti is the actual measured value, pi is the predicted value, t is the
mean of the actual measured value, and n is the total number of data points. In addition,
the prediction model was trained with the training data set (80%) and tested with the test
data set (20%).

Using the available dataset, the MAPE, RMSE, MAE, and R2 values for the training
and test subsets were 11.55%, 2494.3 kWh, 2299.7 kWh, 0.94, and 7.38%, 2732.1 kWh,
2606.5 kWh, 0.96, respectively. The ANN predicted, and actual power generation for the
training and test subsets are shown in Figure 3.

Figure 3. ANN prediction and actual power generation (a) Training subset, (b) Test subset.

The MAPE, RMSE, MAE, and R2 values for the training and test subsets were 7.26%,
1733.8 kWh, 1440.5 kWh, 0.97, and 4.43%, 1773 kWh, 1533 kWh, 0.98, respectively. The
TLBO-ANN prediction and actual power generation for the training and test subsets are
shown in Figure 4.

The MAPE, RMSE, MAE, and R2 values for the TLBO-ANN hybrid model are 6.71%,
1741.5 kWh, 1458.6 kWh, and 0.97, respectively, while for the ANN model these values
are 10.73%, 2542.6 kWh, 2359.8 kWh, and 0.95, respectively. Figure 5 shows the prediction
results of real power generation, ANN, and TLBO-ANN models for the whole data set.

When the prediction results are compared, it is seen that the proposed TLBO-ANN
hybrid model is much more successful than the ANN model. Although the prediction tra-
jectories of both models appear visually similar in the full-scale plots, a closer examination
reveals significant differences in performance. The superiority of the TLBO-ANN model is
most pronounced during periods of high environmental variability (e.g., rapid fluctuations
in cloud cover, as highlighted in the zoomed-in sections of Figures 3–5). In these volatile
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instances, the conventional ANN model tends to exhibit larger deviations and delays in
tracking sudden power drops, contributing to higher cumulative errors. In contrast, the
TLBO-ANN model adapts more quickly to these non-linear transitions, minimizing peak
errors and resulting in the reported statistical improvement. MAPE, RMSE, MAE, and R2

values obtained as a result of prediction are given in Table 3.

Figure 4. TLBO-ANN prediction and actual power generation (a) Training subset, (b) Test subset.

Figure 5. ANN, TLBO-ANN prediction, and actual power generation.

In addition, the success of the proposed TLBO-ANN hybrid model is also compared
with the GA-ANN and PSO-ANN hybrid models that are widely used in the literature.
For the test dataset, the MAPE, RMSE, MAE, and R2 values of the TLBO-ANN model are
4.43%, 1773 kWh, 1533 kWh, and 0.98, respectively. These values are 6.42%, 2404.3 kWh,
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2289.6 kWh, 0.97, and 5.49%, 2035.3 kWh, 1935 kWh, 0.97 for GA-ANN, and PSO-ANN
hybrid models, respectively. According to the results obtained, the proposed TLBO-ANN
model outperformed the GA-ANN and PSO-ANN models. The TLBO-ANN, GA-ANN,
and PSO-ANN prediction and actual power generation for the test subsets are shown in
Figure 6. Moreover, MAPE, RMSE, MAE, and R2 values obtained as a result of prediction
are given in Table 4.

Table 3. Performance metrics of ANN and TLBO-ANN models.

Models MAPE (%) RMSE (kWh) MAE (kWh) R2

ANN (test) 7.38 2732.1 2606.5 0.96
TLBO-ANN (test) 4.43 1773 1533 0.98
ANN (training) 11.55 2494.3 2299.7 0.94
TLBO-ANN (training) 7.26 1733.8 1440.5 0.97
ANN (all) 10.73 2542.6 2359.8 0.95
TLBO-ANN (all) 6.71 1741.5 1458.6 0.97

Figure 6. TLBO-ANN, GA-ANN, PSO-ANN prediction and actual power generation for test subset.

Table 4. Comparison with GA-ANN and PSO-ANN models.

Models MAPE (%) RMSE (kWh) MAE (kWh) R2

TLBO-ANN (test) 4.43 1773 1533 0.98
PSO-ANN (test) 5.49 2035.3 1935 0.97
GA-ANN (test) 6.42 2404.3 2289.6 0.97

The superior performance of the TLBO-ANN hybrid model over both the standalone
ANN and the benchmarked GA-ANN and PSO-ANN models can be attributed to its
unique algorithmic structure. While GA and PSO rely heavily on the precise tuning of
hyperparameters (such as selection pressure in GA or acceleration coefficients in PSO)
to avoid premature convergence, TLBO operates without such algorithm-specific control
parameters. This characteristic allows the algorithm to explore the solution space more
effectively and escape local minima more reliably. As evidenced by the results in Table 4, this
robustness translates into lower error metrics (MAPE, RMSE) compared to the competing
hybrid models, validating TLBO as a more stable optimizer for the highly non-linear
problem of PV forecasting.

4. Conclusions
In this study, a hybrid TLBO-ANN model is proposed to estimate daily photovoltaic

power production. The model combines the learning ability of Artificial Neural Networks

https://doi.org/10.3390/app16010157
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with the optimization power of the Teaching–Learning Based Optimization (TLBO) al-
gorithm. TLBO-ANN model showed significantly higher accuracy compared to ANN
model alone, providing 39.97% MAPE improvement on test data and 37.46% on the entire
dataset. RMSE and MAE analysis also support the robustness of the model. These results
demonstrate the effectiveness of metaheuristic-based hybrid models in processing nonlin-
ear energy data depending on weather conditions. The use of real data obtained from a PV
power plant located in the Mediterranean region also added practical value to the study.
The system was also tested with PSO and GA, and the superiority of the proposed algo-
rithm model was proven. Despite the promising results demonstrated in this study, certain
limitations should be acknowledged. The current analysis relies on a 92-day dataset, which,
while effective for testing model robustness under volatile transition conditions, does
not encompass a full annual cycle. Therefore, the model’s performance across long-term
seasonal variations (e.g., specific winter shading or peak summer thermal degradation)
remains to be fully characterized. Future research will focus on expanding this frame-
work using multi-year datasets to capture comprehensive seasonal patterns. Additionally,
further studies may investigate the integration of the proposed model into real-time grid
management systems to test its operational resilience in extreme weather scenarios.
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