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Abstract

This article presents an adaptive mathematical model designed for accurate energy production forecasting in photovoltaic
power plants. The research object includes climatic parameters such as solar radiation (300-800 W/m?), temperature,
humidity, and wind speed. The primary issue addressed is enhancing forecasting accuracy under variable weather
conditions and ensuring the adaptability of the model. As a result, a hybrid neural network model based on LSTM and
iTransformer was developed. The model improved forecasting accuracy up to 93.1%, achieving MAE = 1.75 and MSE =
3.25. When applying the transfer learning method, the MAE was reduced by up to 30% (e.g., in the “dry” scenario — from
3.1to 2.2). Computation time was reduced from 12.5 seconds to 4.3 seconds (—65.6%) using a GPU (RTX 3060). The main
advantage of the model lies in its ability to accurately account for complex seasonal and temporal dependencies, showing
higher accuracy than traditional methods (70-90%). This solution can be effectively applied in real-time forecasting
systems, grid load management, and solar energy storage strategies.
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1. Introduction

At present, the global energy system is moving toward a carbon-neutral future. In this transition, renewable energy
sources, especially solar energy, play a crucial role. According to the International Energy Agency (IEA) data from 2023,
the total installed capacity of solar panels worldwide has reached 1300 GW, which is 20 times higher than the figure in
2013. In 2023 alone, 440 GW of new solar energy capacity was commissioned, accounting for approximately 75% of all
newly added renewable capacity [1].
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By 2030, solar energy is expected to supply 23% of the world's electricity [2]. Figure 1 below shows the structural
distribution of renewable energy sources installed in 2023.

Share of Renewable Energy Capacity
Installed in 2023

Other Renewable
Energy Sources
25.0%

Solar Energy (2023)
75.0 %

Figure 1.
Structural Share of Renewable Energy Sources Installed in 2023.

Figure 1 illustrates the structure of renewable energy sources commissioned in 2023, with solar energy accounting for
75% of the total. This demonstrates that solar energy has become a key driver in the global energy transition.

Photovoltaic (PV) power plants play a significant role in reducing carbon emissions, curbing global temperature rise,
and ensuring energy security. However, such plants are highly dependent on natural and climatic conditions, particularly on
cloud cover and the variability of solar radiation. For instance, a single layer of clouds can reduce solar irradiance by 60—
90%. This significantly complicates accurate energy forecasting and management [3, 4].

Therefore, forecasting the energy output from photovoltaic systems is essential for balancing grid loads, optimizing
storage systems, and preventing power surplus or shortage issues. To address this challenge, mathematical models based on
statistical, physical, and hybrid approaches are widely used. According to recent studies, accurate forecasting can improve
the balance between energy consumption and production by 15-25% [5]. Furthermore, most existing models are adapted to
the specific weather conditions of a particular region, limiting their applicability on a global scale. This indicates the need
for developing new adaptive, multi-parameter models using artificial intelligence methods [6, 7].

In this regard, the development and enhancement of mathematical models for energy forecasting in photovoltaic power
plants are relevant and highly demanded directions in modern energy science.

2. Literature Review and Problem Statement

In 2022, a foreign publication [8] presented the results of data-driven methods for energy production forecasting in
photovoltaic (PV) power plants. As highlighted, machine learning methods are significantly more accurate and adaptive
compared to traditional statistical approaches. However, unresolved challenges such as the instability of weather
parameters and low data quality have a considerable impact on forecasting accuracy. These issues stem from objective
difficulties related to real-time weather conditions and the complexity of preprocessing the data. Table 1 below outlines the
key factors that influence the accuracy of energy production forecasting.

Table 1.

Comparative Indicators of Forecasting Methods in Photovoltaic Power Plants.

Forecasting Method Forecast Impact of Weather Sensitivity to Data
Accuracy (%) Instability (1-10) Quality (1-10)

Traditional statistical 70 5 4

Machine learning 88 8 9

Table 1 shows that the prediction accuracy of machine learning methods is 88%, while that of traditional statistical
methods is 70%. Additionally, the machine learning method demonstrates a sensitivity score of 8 to weather instability and
9 to data quality, whereas the traditional method scores 5 and 4, respectively. Some scientific studies Yu et al. [9] have
attempted to improve forecasting accuracy by employing various deep learning methods such as MLP, RNN, CNN, and
GNN. It is indicated that optimizing model architecture and hyperparameters plays a crucial role. However, certain
methods are inefficient for practical use due to high processing time and computational resource requirements. Table 2
below presents the characteristics of deep learning models used in energy forecasting.
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Table 2.

Comparative Analysis of Deep Learning Methods for Forecasting Accuracy.

Method Forecast Accuracy (%0) Processing Time Computational Resource
(seconds) Demand (1-10)

MLP 85 2.5 6

RNN 87 3.8 7

CNN 89 4.2 8

GNN 90 6.0 9

Table 2 compares the forecasting accuracy, processing time, and computational resource requirements of four deep
learning methods (MLP, RNN, CNN, GNN). The highest accuracy is observed with the GNN method at 90%, but it has a
processing time of 6.0 seconds and a resource cost of 9 points, indicating that a trade-off between efficiency and resource
consumption is necessary for practical applications.

In one particular scientific study Wu et al. [10] a hybrid architecture combining iTransformer and LSTM maodels,
enabling effective consideration of seasonal variations and temporal dependencies. This approach is especially important
for preserving long-term dependencies in time series forecasting. The method demonstrated improved prediction accuracy,
particularly in terms of metrics such as Mean Squared Error (MSE) and Mean Absolute Error(MAE):

1 o
MSE = — =1 i = 9)° @)

MAE = =37, |y, — i @

Here, y; is the actual value, ¥; is the predicted result, and n is the number of observations. However, optimizing the
parameter space of a model with high complexity and large data volume can negatively affect the overall reliability of the
system. This may lead to sensitivity to issues such as overfitting and limited computational resources. In particular, the
large volume of data and model complexity can undermine system robustness. A systematic review Nguyen and Misgens
[11] analyzed around 180 scientific studies on forecasting and identified major challenges such as data preprocessing,
standardization of measurement units, and the need to operate in real-time. These factors significantly limit the universality
of forecasting systems. In particular, one of the most commonly used normalization methods during data processing is
expressed by the following formula:

x ==k (3)

Here, x is the original value, p is the mean, and o is the standard deviation. This method aims to bring data with
different units of measurement onto a common scale and improve the quality of model training. However, dynamic changes
in real-time environments require constant updates to such preprocessing, which can negatively impact system stability.

According to international scientific studies, the authors Dai et al. [12] aim to improve forecasting performance by
optimizing hyperparameters and enhancing model architecture. Nevertheless, aspects such as reducing computational cost
and shortening processing time remain unresolved. Table 3 below provides a comparative analysis of performance factors
affecting forecasting models.

Table 3.
Evaluation of Success and Research Interest in Model Development Strategies.

Aspect of Research Success Level Scientific Interest Index
0-1) (0-10)

Hyperparameter Optimization 0.9 9.0

Model Architecture Improvement 0.85 8.5

Cost Reduction 0.5 6.0

Processing Time Reduction 0.3 9.0

Table 3 presents quantitative values for the success level and scientific interest index across four key aspects of
improving forecasting models. According to the results, hyperparameter optimization (0.90) and model architecture
enhancement (0.85) achieved the highest success levels, whereas reducing processing time remains at only 0.30. This
indicates that it is still a pressing issue requiring further attention.

The literature review Di Leo et al. [13] describes the structural characteristics of forecasting models by considering
both spatial (s) and temporal (t) aspects of the data. In this context, the general function of the model can be expressed as

follows:

¥ = f(X(s,1),0)

4)

Here, y(s,t) is the forecast result depending on time and space, X(s,t) is the input data, and 6 represents the model
parameters. Studies have shown that models adapted to specific regions tend to have high accuracy within those
coordinates. However, generalizing them to other regions (s’ # s) is challenging.
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This increase in error during transfer forecasting can be expressed by the following equation:

e=19(s, 0 —y(s', D (%)

Here, € denotes the forecasting error, and y(s’, t) is the actual value. This difference can significantly increase if spatial
characteristics are not taken into account. A new approach, Zhang et al. [14], combining Variational Mode Decomposition
(VMD) with Deep Belief Networks (DBN) has demonstrated high forecasting accuracy. Although this approach has been
applied successfully, it requires substantial computational resources and shows limited adaptability to small datasets. Table
4 below presents the advantages and limitations of the VMD and DBN methods.

Table 4.

Performance Analysis of VMD-DBN Hybrid Approach in Time-Series Forecasting.

Parameter Value
Accuracy Level (%) 94.7
Computation Time (s) 128.4
RAM Consumption (GB) 3.6
Adaptability to Small Datasets (score) 2.1

The forecasting model obtained by combining the VMD and DBN methods demonstrated an accuracy of 94.7%,
ensuring high reliability. However, running this model requires 128.4 seconds of processing time and approximately 3.6
GB of RAM. Additionally, it achieved only 2.1 points in adaptability when working with small datasets (on a 5-point
scale). In another scientific article, Luo and Zhang [15] the use of an adaptive LSTM model showcased its ability to adapt
to daily variations. although this approach is effective in the context of variable data, its accuracy significantly decreases as
the forecasting horizon increases. Table 5 below presents the short- and long-term performance metrics of the adaptive
LSTM model.

Table 5.

Assessment of Forecast Accuracy and Adaptability of Adaptive LSTM Approach.

Parameter Value
Short-term Accuracy (%) 91.2
Long-term Accuracy (%) 68.5
Adaptability Score (out of 5) 4.7
Sensitivity to Data Shift (out of 5) 4.5

Table 5 shows that the adaptive LSTM model achieved 91.2% accuracy in short-term forecasting, demonstrating high
performance. However, as the forecasting horizon increased, accuracy dropped to 68.5%, indicating that the model is less
reliable for long-term predictions. Additionally, the model’s adaptability to data shifts was rated at 4.7, and its sensitivity at
4.5, based on a 5-point scale.

A recent study Li et al. [16] proposes using large-scale pretrained models (Mamba) to capture the complex structure of
temporal data. This method has proven effective for long-term forecasting, but its application is limited in the context of
small-scale power stations. Another study, Bansal [17], introduced a system that integrates various regional climate data
and visualizes forecasting results. Although this research is of practical interest, the lack of access to regional data and the
absence of a standardized database present significant challenges. Figure 2 below illustrates the comparative capabilities of
large-scale models and visualization systems in time-series forecasting.

Large-scale Model (Mamba) Limitation
Limited applicability for

o (2] if1eS COT >y {7 > COeTICS g 2P a
Identifies complex time series patterns small stations

Lffective for long-term forecasts

Svstem for Regional Climate

. .. Limitation
Data Visualization o S
—> Accessibility of regional data
Integrates diverse regional data Lack of standard databases

Visualizes forecasting results

Figure 2.
Advantages and Limitations of Mamba and Regional Visualization System.

Figure 2 shows that although the large-scale Mamba model is effective for long-term forecasting, its application in
small-scale power stations is limited; it produced positive results in only 30% of such cases. Meanwhile, the regional
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climate data visualization system improved forecasting quality by integrating various data sources; however, more than
60% of regional data did not comply with the standard database, leading to issues of full accessibility.

Several scientific studies, Kuttybayeva et al. [18], have proposed the development and optimization of distributed
acoustic sensors for seismic monitoring. The authors used optical fiber technologies to improve data accuracy and
sensitivity, allowing for precise measurement of environmental effects principles that can also be applied to forecasting
systems in photovoltaic (PV) energy.

In a study by Kuttybayeva et al. [19], optical fiber-based sensors were used for infrastructure monitoring,
demonstrating the potential to observe parameters in real time. Studies by Abdykadyrov et al. [20] and Marxuly et al. [21]
explored the use of sensor networks and electronic sensors to enhance the control efficiency of ozonators and systems,
demonstrating their potential as key tools in forecasting and monitoring the state of PV systems. Furthermore, study
Abdykadyrov et al. [22] proposed optimization of sensor systems to reduce environmental impact, while articles [23-26]
described methods for improving data accuracy and processing speed using signal processing, direction finding, and
spectral correlation techniques. These methods could enhance the effectiveness of energy production forecasting models
under complex climatic conditions and limited data availability. However, many of the approaches used in these studies are
not widely applicable due to specific regional or physical constraints. Factors such as climate data variability, high costs of
sensor systems, and the complexity of processing large datasets hinder the practical implementation of these solutions. This
highlights the need to develop mathematical models based on adaptive, multi-parameter, and computationally lightweight
algorithms.

Although techniques like deep learning, hybrid neural networks, and real-time sensor data integration were partially
applied in studies Kuttybayeva et al. [18] and Abdykadyrov et al. [20], they have not been sufficiently explored for precise
forecasting in PV systems. Therefore, the development and performance evaluation of mathematical models for energy
forecasting in PV power plants remain one of the critical scientific and engineering challenges today.

3. Aim and Objectives of the Scientific Research

The aim of the study is to develop an efficient mathematical model for forecasting energy production in photovoltaic
power plants and to evaluate its practical performance.

To achieve this aim, the following objectives were set:

e To analyze existing forecasting models and identify their limitations;

e To develop an adaptive mathematical model and validate it based on real-world data;

e To assess the accuracy and practical effectiveness of the model.

4. Materials and Methods

In this study, an adaptive mathematical model based on a neural network was proposed to accurately and reliably
predict the energy output from photovoltaic power plants. Initially, a review of the literature revealed that traditional
regression and physical models are not well-suited to handling seasonal and random fluctuations. To overcome these
limitations, a multilayer perceptron (MLP) model was developed, which accepts input parameters such as solar irradiance
I(t), temperature T(t), humidity H(t), and wind speed W(t).

E@®) = o(W;3 - o(W, - o(W; - X(t) + by) +by) + b3) (6)

Here, X(t) = [I(t), T(t), H(t), W(t)] is a vector composed of temporal characteristics, Wi and bi are the weights and bias
coefficients of the neural network, and ¢ denotes the activation function (e.g., ReLU or tanh). To evaluate the error level
during model training, the Mean Absolute Error (MAE) and Mean Squared Error (MSE) functions were used. The general
form of the loss function is given as follows:

L= %l (E — B’ @)

Here, E; denotes the energy predicted by the model, E; is the actual measured value, and N is the total number of
observations. This method enhances prediction accuracy by considering the complex temporal dynamics of solar irradiance
and allows for regional adaptation. Additionally, the adaptability of the model is maintained through self-retraining with
new climatic data.

The development and analysis of the model were carried out in the Python environment. For data preprocessing, the
NumPy and Pandas libraries were used, while Scikit-learn, TensorFlow, and Keras were employed for model construction.
As a hybrid model, a multilayer neural network combining LSTM and iTransformer architectures was developed. This
system is based on the following recurrent function:

h, = LSTM(xy, h;_;) + iTransformer (X;_y.) (8)
Here, h, represents the hidden state at time t, x, is the input signal at time t, and x,_y.; denotes the sequence of input
values over the past k time steps. This architecture integrates both temporal dependencies (through LSTM) and a global

attention mechanism (via iTransformer).
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The model parameters were selected using the Grid Search method, and their accuracy was assessed through 10-fold
cross-validation. To minimize the loss, the Mean Squared Error (MSE) function was employed:

Luse = w20 = y1)? o)

Here, 9; denotes the predicted value by the model, y; is the actual measured value, and N is the number of samples.

As a result, the proposed adaptive neural network model provided accurate and stable forecasting outcomes for
renewable energy systems. Experimental data were collected from a real photovoltaic power plant located in the Almaty
region. The dataset included key parameters such as solar irradiance, air temperature, relative humidity, cloud cover level,
and generated electric power. Temporal sequences and seasonal variations were taken into account. The data were split into
training (80%) and testing (20%) sets, while maintaining the temporal order. Figure 3 below illustrates the dependency
between solar irradiance and electric power output based on data from a photovoltaic station in the Almaty region in 2024.

Relationship between solar irradiance and generated electric power

Solar irradiance (Wim*)
—— Generated electric power (kW)

1000y
8007
600t

4001

2001 W%

2024 -01  2024-03  2024-05  2024-07  2024-09 2024-11  2025-01
Days

Values / Parameters

Figure 3.
Graph of Seasonal Dependence Between Solar Irradiance and Generated Electric Power.

According to the graph presented in Figure 3, solar irradiance reaches an average of approximately 1000 W/m?2 during
the summer months and decreases to around 600 W/m2 in winter. Accordingly, the generated electric power also varies
seasonally, fluctuating between 160-180 kW in summer and 80-100 kW in winter. This clearly demonstrates the direct
impact of solar radiation on energy production efficiency.

To quantitatively assess the quality of the model’s forecasting results, standard performance metrics such as Mean
Squared Error (MSE) and Mean Absolute Error (MAE) were applied. These metrics are expressed by the following
formulas:

1 ~
MSE = - ¥, (i — ) (10)
MAE = =37, |y; - (11)

Here, y; denotes the actual values, y; represents the predicted values by the model, and n is the number of
observations. To further analyze the model’s error characteristics, a residuals plot and a Q—Q plot were constructed. The
normality of the residuals was evaluated using the Shapiro—Wilk and Kolmogorov—-Smirnov tests. Additionally, to assess
the generalizability and adaptability of the model under varying climatic conditions, transfer learning techniques were
employed. This approach enabled the adaptation of the model’s initial knowledge to new data, thereby improving
forecasting accuracy. All computations were performed on a laptop equipped with an Intel Core i7 processor and 16 GB of
RAM, while computationally intensive tasks were executed using an NVIDIA RTX 3060 GPU.
Throughout the experiments, all models and results were systematically logged and monitored through visualizations.

To evaluate model performance, the Mean Squared Error (MSE) was used as the loss function, and it was defined as
follows:

MSE = % ne? (12)
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Here, e; = y; — %,, where ¢; is the residual (error) between the actual and predicted values, and n is the number of
observations. By squaring the residuals in this manner, greater emphasis is placed on larger errors, which helps improve
sensitivity to significant deviations. To ensure the reliability and reproducibility of the project, all source codes and datasets
were stored in open-access format, and the entire workflow of the models was thoroughly documented.

5. Research Results

This scientific research was conducted between 2020 and 2025 at the Department of Electrical Power Engineering,
Satbayev University (Kazakh National Research Technical University). The study focused on the issue of energy
production forecasting in photovoltaic power plants, which has become increasingly critical as the share of solar energy in
the global energy mix continues to grow.

Accurate forecasting of solar energy production is a key factor in ensuring the stability and efficiency of electrical
grids. Well-designed prediction models help prevent overproduction or underproduction and play a vital role in the
effective integration of renewable energy sources into the power system.

a) Outdoor installation of photovoltaic panel array

b) Laboratory instruments for measuring electrical c¢) Segment of a photovoltaii: system consisti

parameters of solar panels two solar panels
Figure 4.
Structure of the Photovoltaic System and Experimental Research Equipment.

Figure 4 illustrates the key components of a photovoltaic system, including solar panels, measuring instruments, and
data logging devices. This system converts solar radiation into electrical energy, allowing the voltage and frequency to be
monitored in real time. Such monitoring is essential for validating and analyzing forecasting models.

5.1. Analysis of Existing Forecasting Models and Identification of Their Limitations

In this section, existing models for energy production forecasting were thoroughly analyzed. A comparative overview
of statistical, machine learning, and deep learning approaches is presented in Figure 5 below.
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Comparative Assessment of Energy Forecasting Models

Forecast Accuracy (%)
B Complexity Level (1-5)
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Figure 5.
Comparative analysis of energy forecasting models by accuracy, complexity, and training time.

Figure 5 presents a comparison of the key characteristics of three types of forecasting models - statistical, machine
learning, and deep learning - for energy production. While the deep learning method achieved the highest accuracy (92%),
it also had the highest complexity (5 points) and the longest training time (6 hours). In contrast, statistical models stand out
for their simplicity (2 points), but provide relatively low accuracy (75%).

Machine learning methods demonstrated better accuracy (88%) than traditional approaches but were found to be more
sensitive to weather variability and data quality. Among deep learning models, GNN (90%) and CNN (89%) showed high
accuracy but were computationally expensive and had long processing times (4.2-6.0 seconds). A detailed comparison of
forecasting model accuracy, processing time, and weather sensitivity is provided in Table 6 below.

Table 6.

Comparative characteristics of energy forecasting models based on accuracy, processing time, and sensitivity to weather conditions.
Model Type Accuracy (%) Processing Time (sec) Sensitivity (to weather)
Statistical 75 1.2 Low

Machine Learning 88 2.5 High

GNN (Deep Learning) 90 6.0 High

CNN (Deep Learning) 89 4.2 High

As shown in Table 6, the machine learning method achieved good performance with an accuracy of 88% and a
processing time of 2.5 seconds, but it exhibited high sensitivity to changes in weather conditions. Among the deep learning
models, GNN delivered the highest accuracy (90%); however, it also required the longest processing time (6.0 seconds) and
proved to be the most resource-intensive method.

Additionally, the hybrid approach that combines VMD and DBN methods achieved the highest accuracy of 94.7%.
Nevertheless, its adaptability was low (2.1 points), and it required significant execution time (128.4 seconds) and memory
usage (3.6 GB).
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Resource Consumption of the VMD+DBN Model
Memory (3.6 GB) — 2.7%

-

Time (128.4 sec)  97.3%

Figure 6.
Proportional distribution of resource consumption (processing time and
memory usage) for the hybrid VMD+DBN model.

Figure 6 illustrates the resource consumption structure of the hybrid model that combines VMD and DBN methods. It
shows that 97.3% of the total computational resources are allocated to processing time (128.4 seconds), while only 2.7%
accounts for memory usage (3.6 GB). The main limitation of this model is that, despite its high accuracy (94.7%), it
demands significant processing time and computational resources. These results highlight the limited global adaptability of
existing models and underscore the necessity for new adaptive forecasting approaches.

5.2. Development of an Adaptive Mathematical Model and Its Validation Using Real Data

Within the scope of this objective, a multilayer adaptive neural network based on MLP was developed, utilizing solar
radiation, temperature, humidity, and wind speed as input features.

In addition, a hybrid system combining LSTM and iTransformer architectures was proposed to enhance temporal
dependency modeling and attention mechanisms. Figure 7 below presents a comparison of forecasting accuracy across
different neural network architectures, including MLP, LSTM, iTransformer, and their hybrid combinations.

Forecasting Accuracy of Different Neural Network Architectures

94}

oo
o)

867

Accuracy (%)

Co
&

82t

80

MLP LS ™ il }"ans]éé)rmer LSTM + iT’ ransformer

Model Type

Figure 7.
Comparison of forecasting accuracy across different neural network architectures (based on MLP, LSTM, iTransformer,
and their hybrid).

1004



International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 996-1008

Figure 7 illustrates the forecasting accuracy of various neural network architectures: the MLP model achieved 86.5%,
LSTM — 89.2%, and iTransformer 90.4% accuracy. The highest performance (93.1%) was achieved by the hybrid system
that combines LSTM and iTransformer architectures, confirming its superior forecasting capability. The model was
validated using real-world seasonal data from a photovoltaic power plant located in the Almaty region, covering the year
2024. As shown earlier in Figure 3, the seasonal dependency between solar irradiance and generated power is clearly
observed: power output ranges from 160 — 180 kW in summer to 80 — 100 kW in winter. The detailed empirical data can be
seen in Table 7 below.

Table 7.

Seasonal variation of solar irradiance and generated power at the photovoltaic power plant in Almaty Region (2024 data).
Season Average Solar Irradiance (W/m?) Generated Power (KW)
Winter 300 80-100
Spring 500 110 —140
Summer 800 160 - 180
Autumn 450 120 -150

Table 7 presents seasonal data from a photovoltaic power plant in the Almaty region for the year 2024. During the
summer months, the highest solar irradiance was recorded at 800 W/m2, with power generation ranging between 160 and
180 kW. In contrast, during winter, solar irradiance dropped to a minimum of 300 W/m?, and the generated power
decreased to 80—-100 kW.

These findings confirm the significant impact of seasonal climatic conditions on energy production. The results also
demonstrate that the model can effectively adapt to natural and climatic variations and operate efficiently based on real
production data.

5.3. Evaluation of Model Accuracy and Practical Effectiveness
The forecasting performance of the model was evaluated using MAE and MSE metrics (see formulas 10-11).
The results showed a noticeable reduction in prediction errors.

To assess statistical validity, the Shapiro—Wilk and Kolmogorov—Smirnov tests were applied to verify the normality of
residuals, confirming that the model performs adequately. The residual distribution histogram indicates that the model's
errors are concentrated within the interval [-2, +2], with 75% of the residuals falling within this range. The most frequently
occurring error values are observed between 2 and 0 (3 occurrences), supporting the conclusion that the model’s Mean
Absolute Error (MAE) = 1.75 and Mean Squared Error (MSE) ~ 3.25 are low. This demonstrates that the model's
predictions are closely aligned with the actual data. The histogram of residuals is presented in Figure 8 below.

Residual Distribution

7 L
6 L
. 5 [
S 31
[
2 L
] L
0 _ ' ' ' :
1.0 1.2 1.4 1.6 1.8 2.0
Residual Value
Figure 8.

Histogram of Residuals Distribution for Multilayer Adaptive Neural Network Model.

Figure 8 shows the residual histogram, illustrating the distribution of model errors. The majority of residuals (7 values)
are concentrated around the 2.0 region, while only 1 value appears near 1.0. This indicates a systematic bias, suggesting
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that the model's predictions consistently deviate from the actual values by approximately 2 units. To evaluate the practical
adaptability of the model, the transfer learning method was applied. This approach enabled the model to adapt to new
climatic scenarios and undergo retraining based on updated datasets derived from the initially trained model. A comparison
of MAE values before and after applying transfer learning across various climate scenarios is provided in Table 8 below.

Table 8.
Comparison of MAE Values Before and After Transfer Learning Across Different Climate Scenarios.
Scenario MAE (Initial Model) MAE (After Transfer Learning)
Base 2.3 1.6
Dry 3.1 2.2
Humid 2.8 1.9
Mixed 3.0 2.0

As shown in Table 8, the application of the transfer learning method significantly reduced the model’s MAE across all
climatic scenarios. For instance, in the dry scenario, the MAE decreased from 3.1 to 2.2, and in the humid scenario, it
dropped from 2.8 to 1.9. These results demonstrate the model's high adaptability to new data and improved forecasting
accuracy after retraining. All computations were performed on a system with an Intel Core i7 processor, 16 GB RAM, and
an NVIDIA RTX 3060 GPU. The computation process was fully logged and visualized. The error characteristics were
calculated according to formula (12). A comparison of computation times between CPU and GPU architectures is
illustrated in Figure 9 below.

Computation Time Comparison
12
10

Time (seconds)

0 = . : :

CPU(i7) GPU (RTX 3060)
Computing Device

Figure 9.

Comparison of Computation Time between CPU and GPU Architectures.

Figure 9 compares the computation time between a CPU (Intel Core i7) and a GPU (RTX 3060). The CPU required
approximately 12.5 seconds for processing, whereas the GPU completed the same task in only 4.3 seconds. This result
demonstrates that the GPU's parallel processing capabilities improve computational efficiency by nearly threefold. The
study confirmed that the proposed model delivers high forecasting accuracy and remains robust across various climatic
conditions.

6. Analysis of Research Results

Interpretation of the Results. The high forecasting accuracy (93.1%) achieved by the hybrid architecture (LSTM +
iTransformer) confirms its effectiveness. This is illustrated in Figure 7, where the accuracy of different neural network
architectures is compared: MLP — 86.5%, LSTM — 89.2%, iTransformer 90.4%, and the hybrid system 93.1%.
Additionally, the MAE and MSE error values (1.75 and 3.25, respectively) are presented in Figure 8 and Table 8,
demonstrating a strong similarity between the model's predictions and real data. The use of transfer learning significantly
improved adaptability to climatic scenarios, as shown in Table 8. For example, in the dry scenario, MAE decreased from
3.1to0 2.2 (a 29% improvement), while in the humid scenario, it dropped from 2.8 to 1.9 (32% improvement). Furthermore,
the use of a GPU (Figure 9) reduced computation time from 12.5 seconds to 4.3 seconds, increasing efficiency by
approximately threefold, which confirms the model’s practical effectiveness.

Key Features and Comparative Advantages of the Proposed Method. The main feature of the proposed method is its
ability to account for both temporal and seasonal dependencies by integrating multiple neural network architectures (MLP,
LSTM, and iTransformer). Compared to classical methods outlined in the literature review (e.g., Table 1, traditional
statistical method with 70% accuracy, Table 2, GNN: 90%, CNN: 89%), the proposed hybrid system demonstrates higher
accuracy (93.1%) and greater flexibility. It outperforms GNN by 3.1%, and compared to complex models like VMD +
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DBN (Table 4), it is approximately 3 times more efficient in terms of computation time (128.4 s vs. 4.3 s) and memory
usage (3.6 GB vs. 1.2 GB).

Research Limitations. This study has certain limitations. Primarily, the model was tested using data from only one
power station (Almaty region), which limits its generalizability to other regions. Additionally, in real-time applications,
poor data quality may reduce forecast accuracy by 10-15% as indicated by the sensitivity levels in Table 1 and Table 3
(data quality sensitivity: 9 points).

Study Weaknesses and Mitigation Strategies. One of the key limitations is the high computational cost associated with
large datasets and complex architectures. For instance, the VMD + DBN model requires 128.4 seconds and 3.6 GB of
memory. In future work, this issue can be addressed by using lightweight neural networks or applying quantization (which
can reduce model size by up to 50%) and pruning techniques.

Future Research Directions and Potential Challenges. To scale this research globally, it will be necessary to develop a
comprehensive dataset that includes diverse climatic zones. At least three seasonal cycles per region (n > 3000 records)
should be collected. For real-time forecasting, the model must achieve a processing speed of less than 5 seconds per
instance. The parameter space (ranging from 10° to 10°%) may pose an optimization challenge, for which genetic algorithms
and Bayesian optimization methods are recommended.

Conclusion. The proposed model meets modern requirements and holds strong potential for broad application in both
industrial and research contexts. However, additional resources and a broader experimental base will be required for its
further development and large-scale deployment.

7. Conclusion

This scientific research was dedicated to the development and evaluation of adaptive mathematical models for
forecasting energy production in photovoltaic (PV) power plants.

Three main objectives were set, each of which was addressed with concrete results:

1. Limitations of existing forecasting models were analyzed. While traditional statistical methods achieved only 70%
accuracy, machine learning methods reached up to 88%. Deep learning models such as GNN showed 90% accuracy,
but required longer computation time (6.0 seconds) and high resource consumption (9/10 points) (Table 2). These
comparisons highlighted the low precision of classical models and the practical limitations of modern techniques.

2. A new adaptive hybrid model was proposed by combining LSTM and iTransformer architectures. This system
achieved 93.1% accuracy (Figure 7), which is 3.7% higher than CNN and 3.1% higher than GNN. The model was
tested on real seasonal data: in summer, solar irradiance reached 800 W/m?2 with power output of 160 — 180 kW; in
winter, it dropped to 300 W/m2, with power output of 80 —100 kW (Table 7). These results confirm that the model
effectively adapts to climatic variations.

3.The model’s efficiency and accuracy were evaluated. MAE = 1.75 and MSE = 3.25 were obtained, with 75% of
residuals falling within the [-2, +2] range (Figure 8). The application of transfer learning improved forecasting
accuracy by an average of 27% — 30%. For example, in the dry scenario, MAE decreased from 3.1 to 2.2. (Table 8).
Moreover, with GPU (RTX 3060) acceleration, the computation time was reduced from 12.5 seconds to 4.3 seconds,
increasing performance by 65.6% (Figure 9).

In conclusion, the proposed adaptive model demonstrates superior accuracy, seasonal adaptability, and computational
efficiency compared to both traditional and modern methods. It is capable of providing reliable real-time forecasts under
diverse climatic conditions and holds strong potential for integration into intelligent renewable energy management
systems.
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