
Bibliometric Analysis and AI-Optimized Control Modeling of 
Solar Tracker Systems 

Akhmadbek Jalilov1, Nilufar Kobulova2, Shovkiddin Narziev3, Shakhida Shamuratova4, 
Sunnatulla Sulaymanov5 and Alexander Lazarenkov6 

1Institute for Poverty Reduction and Labour Market Research, Umid Str. 16, 100095 Tashkent, Uzbekistan 
2Andijan State Technical Institute, Baburshakh Str. 56, 170100 Andijan, Uzbekistan 

3Tashkent State Technical University named after Islam Karimov, University Str. 2, 100095 Tashkent, Uzbekistan 
4Tashkent Institute of Chemical Technology, Navoi Str. 32, 100011 Tashkent, Uzbekistan 
5Tashkent State Transport University, Temiryolchilar Str. 1, 100167 Tashkent, Uzbekistan 
6Belarusian National Technical University, Nezavisimosti Ave. 65, 220013 Minsk, Belarus 

ahmadbekhfx555@gmail.com, nilufarqobulova2@gmail.com, sh_narziyev@renessans-edu.uz, shamuratova.shm@gmail, 
Sulaymanov@tstu.uz, lazarenkov@bntu.by 

Keywords: Solar Tracker, Artificial Intelligence, Bibliometric Analysis, Photovoltaic Optimization, Regression Model, 
Adaptive Control. 

Abstract: The rapid expansion of photovoltaic (PV) systems has intensified the need for intelligent solar tracking 
technologies capable of maximizing energy yield under dynamic environmental conditions. While mechanical 
tracking systems have been extensively studied, adaptive artificial intelligence (AI)-based optimization 
remains underrepresented. This study proposes a hybrid framework integrating bibliometric analysis and 
applied computational modeling to address this gap. A reproducible scientometric mapping of 391 Scopus-
indexed publications (2011-2022) was conducted using VOSviewer to identify research clusters and emerging 
trends in solar tracking technologies. The analysis revealed limited integration of predictive AI control 
mechanisms. Based on the identified gap, an AI-enhanced solar tracker optimization model was developed, 
combining deterministic solar geometry equations with a machine learning-based correction mechanism. A 
multivariate regression model was trained and validated using 5-fold cross-validation. Simulation results over 
a 30-day evaluation period demonstrated that the proposed AI-optimized tracker achieved a 34.2% energy 
gain compared to fixed systems and a 6.1% improvement over conventional dual-axis geometric tracking. 
Statistical validation using one-way ANOVA confirmed significant performance differences (F = 18.47, p < 
0.001). The proposed hybrid approach bridges bibliometric insight with applied IT innovation, advancing 
solar tracking systems toward intelligent adaptive control. The framework is scalable and suitable for 
embedded microcontroller-based implementations in smart-grid environments. 

1 INTRODUCTION 

The rapid deployment of photovoltaic (PV) systems 
has intensified the need for intelligent control 
strategies capable of maximizing energy conversion 
efficiency under dynamic environmental conditions. 
While conventional fixed and dual-axis tracking 
systems improve energy yield compared to static 
installations [1]-[3], most existing approaches rely on 
deterministic solar geometry models that do not adapt 
to stochastic atmospheric variability. Comprehensive 
reviews of solar tracking technologies also confirm 
the continued dominance of conventional mechanical 
and geometric tracking configurations [4], [5]. 

Recent research has explored sensor-based and 
rule-based tracking strategies; however, the 
integration of predictive machine learning (ML)-
driven adaptive optimization remains limited in 
practical tracking architectures [6]-[8]. In particular, 
existing systems frequently optimize orientation 
using geometric equations without compensating for 
irradiance fluctuations, wind disturbances, 
temperature effects, and transient cloud coverage. 

From an applied information technology (IT) 
perspective, the core problem can be formulated as a 
dynamic orientation optimization task: 
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Given time-varying environmental inputs, 
determine the optimal panel tilt angle that maximizes 
instantaneous and cumulative energy output. 

Formally, the optimization objective can be 
expressed as: 

Maximize E(θ(t)) subject to θ ∈ [θmin, θmax] 
where E denotes generated energy and θ represents 
dynamic orientation angle. 

Although bibliometric studies identify increasing 
research activity in solar tracking systems, 
quantitative evidence indicates that artificial 
intelligence-based adaptive control mechanisms 
remain underrepresented within the field [9]-[11]. 
This gap motivates the development of a hybrid 
deterministic-machine learning optimization 
framework. 

This study therefore proposes a reproducible AI-
enhanced solar tracking architecture that integrates 
solar geometry equations with a regression-based 
adaptive correction mechanism and validates 
performance through statistical experimentation. 

1.1 Applied IT Contributions of this 
Study 

This work provides the following concrete applied IT 
contributions: 

1) A hybrid deterministic-ML solar tracking
optimization algorithm combining geometric
baseline modeling with adaptive correction.

2) A multivariate regression-based Δθ prediction
model with clearly defined input features and
validation protocol.

3) A closed-loop control architecture suitable for
embedded microcontroller implementation.

4) A reproducible simulation-based evaluation
framework comparing four tracking
configurations.

5) Statistical validation using one-way ANOVA
to confirm performance significance.

2 BIBLIOMETRIC ANALYSIS OF 
SOLAR TRACKER RESEARCH 

2.1 Data Source and Reproducibility 

To identify research trends and technological gaps in 
solar tracking systems, a structured bibliometric 
analysis was conducted using the Scopus database 
following established scientometric 
methodologies [11]-[14]. 

The search query was defined as: 

§ TITLE-ABS-KEY ("solar tracker" OR "solar
tracking system")AND PUBYEAR > 2010
AND PUBYEAR < 2023.

The defined time window (2011-2022) was 
applied strictly for scientometric mapping, keyword 
clustering, and network visualization. For contextual 
completeness, several highly cited foundational 
works published prior to 2011 were additionally 
identified to illustrate seminal contributions in solar 
tracking research. These publications are presented 
separately in Table 3. and are not included in the 
2011-2022 bibliometric dataset used for quantitative 
mapping. 

The dataset construction parameters were as 
follows: 
§ Time window: 2011-2022;
§ Initial records retrieved: 427;
§ After filtering and duplicate removal: 391;
§ Document types: Articles and conference

papers;
§ Language: English;
§ Data retrieval date: 15 January 2024.

Duplicate removal was performed using Scopus
export filtering and manual screening of non-
technical records. Only peer-reviewed scientific 
contributions were retained. 

Network mapping was performed using 
VOSviewer (version 1.6.19), a widely accepted tool 
for bibliometric visualization [11], [12]. The 
following parameters were applied: 
§ Minimum keyword occurrence threshold: 5;
§ Counting method: Full counting;
§ Normalization technique: Association strength.

Association strength normalization enhances
cluster separation and network stability [12], [13]. 

This reproducibility statement ensures 
transparency and methodological consistency in 
accordance with contemporary bibliometric 
standards [14]. 

2.2 Thematic Structure and AI 
Underrepresentation 

Keyword co-occurrence analysis identified four 
dominant thematic clusters: 

1) Mechanical dual-axis tracking systems;
2) Sensor-based control mechanisms;
3) Photovoltaic efficiency enhancement;
4) Intelligent and AI-assisted tracking systems.

Table 1 presents the most frequent keywords
extracted from the dataset. 
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The dominance of mechanical and photovoltaic 
efficiency-related terms is consistent with earlier 
reviews of solar tracking technologies [1]-[3]. 
However, AI-related keywords (e.g., artificial 
intelligence, adaptive control, predictive modeling) 
demonstrate comparatively lower occurrence and link 
strength, indicating limited integration of data-driven 
optimization approaches. 

These findings align with prior observations that 
solar tracking research has primarily focused on 
geometric and electromechanical configurations 
rather than predictive computational control [6]-[8]. 

Thus, the bibliometric evidence supports the need 
for an applied IT-oriented optimization framework 
integrating deterministic modeling with adaptive 
machine learning mechanisms. 

Table 1: Top 10 keywords (minimum occurrence = 5). 

Keyword Occurrence Total Link 
Strength 

solar tracker 124 256 
photovoltaic 98 210 

dual-axis 76 165 
solar radiation 69 149 

maximum power point 55 132 
optimization 44 118 

artificial intelligence 32 88 
control system 29 81 

energy efficiency 26 74 
tracking algorithm 22 69 

The keyword co-occurrence analysis indicates 
strong dominance of mechanical and photovoltaic 
efficiency themes, while AI-related terms remain 
underrepresented, confirming the identified research 
gap. The most productive authors identified in the 
bibliometric dataset are summarized in Table 2. 

Table 2: Most productive authors. 

Author Publications Citations 
Mousazadeh A. 12 480 

Mellit A. 9 395 
Kalogirou S. 8 360 
Tudorache T. 7 290 

Zhao Y. 6 240 

The author productivity distribution shows 
concentration of research in mechanical optimization, 
with limited representation of computational 
intelligence specialists. 

The articles listed in Table 3 represent globally 
most cited seminal contributions in solar tracking 
research. They are provided for contextual reference 
and were not included in the 2011-2022 Scopus 
dataset used for bibliometric network construction. 

Table 3: Most cited foundational articles in solar tracking 
research (not restricted to the 2011-2022 dataset). 

Paper Year Citations 
Mousazadeh et al. 2009 480 

Mellit & Kalogirou 2009 395 
Tudorache & Kreindler 2010 290 

The geographical distribution of publications by 
the leading contributing countries is presented in 
Table 4. 

Table 4: Country contribution. 

Country Publications 
China 84 
USA 72 
India 65 

Germany 38 
Spain 31 

3 PROPOSED AI-BASED SOLAR 
TRACKER OPTIMIZATION 
FRAMEWORK 

3.1 Problem Formulation 

The objective of the proposed system is to determine 
the optimal panel orientation angle that maximizes 
photovoltaic energy output under time-varying 
environmental conditions. Traditional solar tracking 
systems rely on deterministic geometric formulations 
[1]-[3], which assume ideal atmospheric conditions 
and do not account for stochastic irradiance 
variability. Adaptive control and comparative studies 
of tracking algorithms have shown that dynamic 
control strategies can improve tracker performance 
under changing operating conditions [15], [16]. 

From an applied optimization perspective, the 
problem can be formulated as:  
§ maximize E(θ_opt(t));
§ subject to θ_min ≤ θ_opt(t) ≤ θ_max;

Where: 
§ θ_opt(t) = θ_geo(t) + Δθ(t).

Here, θ_geo(t) is the deterministic geometric
orientation angle computed using astronomical 
equations [9], [10], and Δθ(t) represents an adaptive 
correction term estimated using machine learning. 

3.2 Deterministic Baseline Model 

The geometric baseline angle is computed using 
established solar positioning equations [9], [10]. 
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Solar declination is calculated as: 
§ δ = 23.45° sin(360°(284 + n)/365). 

where n is the day of the year. 
The hour angle is given by: 

§ ω = 15°(t_solar − 12). 

The baseline tilt angle θ_geo is derived using 
geographic latitude ϕ and solar elevation angle, 
consistent with classical solar engineering 
formulations [9]. 

Although deterministic models provide physically 
grounded orientation, prior studies indicate that they 
do not compensate for atmospheric disturbances, 
temperature-dependent panel efficiency variations, or 
short-term irradiance fluctuations [6], [8]. 

3.3 Machine Learning-Based Adaptive 
Correction 

Machine learning methods have demonstrated strong 
performance in solar radiation forecasting, 
photovoltaic system optimization, AI-based tracking 
optimization, and adaptive intelligent control [6], [7], 
[17]-[20]. The adaptive correction term is modeled 
as: 

Δθ = f(GHI, T, W, P_prev, t), 

where: 
§ GHI - global horizontal irradiance; 
§ T - ambient temperature; 
§ W - wind speed; 
§ P_prev - previous power output; 
§ t - time index; 

A multivariate linear regression model is defined 
as: 

Δθ = β₀ + β₁GHI + β₂T + β₃W + β₄P_prev + β₅t. 

Regression-based modeling has been widely used 
for PV system performance estimation due to its 
interpretability and computational efficiency [6], [7]. 

3.4 Loss Function and Validation 
Protocol 

The regression model parameters are estimated using 
ordinary least squares by minimizing the mean 
squared error (MSE) [21]: 

L = (1/n) Σ (Δθ_true − Δθ_pred)². 

Model validation was performed using 5-fold 
cross-validation (k = 5) to ensure statistical 
robustness and prevent overfitting [21]. 

Evaluation metrics include: 

§ Coefficient of determination (R²); 
§ Adjusted R²; 
§ Root mean square error (RMSE); 
§ Mean absolute error (MAE); 

Cross-validation techniques are standard in 
predictive modeling and experimental design to 
ensure generalizability [21]. 

3.5 Computational Considerations 

The computational complexity of regression training 
scales as O(nk), where n is the dataset size and k is 
the number of folds. Inference complexity scales 
linearly with the number of features O(p), where  
p = 5. 

Low computational overhead makes the proposed 
model suitable for real-time embedded 
implementation, consistent with intelligent solar 
tracking architectures reported in the  
literature [8], [17]. 

3.6 Hybrid Control Algorithm 

Algorithm 1: Hybrid Solar Tracker Optimization. 
Input: t, ϕ, GHI, T, W, P_prev. 
Output: θ_opt. 

1) Compute δ using solar declination equation [9]; 
2) Compute hour angle ω; 
3) Calculate θ_geo; 
4) Predict Δθ using trained regression model; 
5) θ_opt = θ_geo + Δθ; 
6) Send θ_opt to actuator; 
7) Repeat every Δt. 

The proposed architecture operates as a closed-
loop adaptive control system integrating sensor 
acquisition, preprocessing, ML inference, and 
actuation modules, similar to intelligent tracking 
frameworks described in [8]. This closed-loop 
formulation is conceptually consistent with model-
based predictive control principles used for dynamic 
system optimization [22]. 

3.7 Reproducibility and 
Implementation Details 

3.7.1 Training Data Generation 

Since real-time field measurements were not 
available within the scope of this study, training data 
were synthetically generated using a clear-sky 
irradiance model based on classical solar engineering 
formulations [9]. Atmospheric variability was 

Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), July 2026

1350



simulated through stochastic perturbations applied to 
irradiance values to emulate transient cloud effects. 

Dataset characteristics: 
§ Total samples: 4320;
§ Evaluation period: 30 days;
§ Temporal resolution: 10-minute intervals;
§ Geographic latitude: 41.3° N;
§ Nominal PV capacity: 5 kW;

This synthetic dataset ensures controlled
experimental validation while preserving physical 
consistency with solar radiation theory [9], [10]. 

3.7.2 Feature Description and Ranges 

Table 5 summarizes the regression model input 
variables. 

Table 5: Input parameters for ML-based correction model. 

Parameter Symbol Range Unit 
Global horizontal 

irradiance GHI 0-1000 W/m² 

Ambient temperature T −5-40 °C 
Wind speed W 0-12 m/s 

Previous power output P_prev 0-5 kW 
Time index t 0-1439 min 

These ranges were selected based on realistic 
meteorological conditions reported in photovoltaic 
system studies [6], [7]. 

3.7.3 Cross-Validation Protocol 

The regression model was evaluated using 5-fold 
cross-validation (k = 5) following established 
experimental design practices [21]. 

Validation configuration: 
§ Shuffle enabled;
§ Random seed: 42;
§ Training ratio per fold: 80%;
§ Testing ratio per fold: 20%.

Performance metrics:
§ R² = 0.87;
§ Adjusted R² = 0.84;
§ RMSE = 1.42;
§ MAE = 0.96.

These metrics confirm predictive stability and
generalization capability. 

3.7.4 Simulation Configuration 

The PV system simulation was implemented in 
Python using NumPy and SciPy libraries. The use of 
computational modeling for photovoltaic system 

performance analysis is consistent with established 
numerical PV modeling approaches [23]. 

Simulation parameters: 
§ Latitude: 41.3° N;
§ Tracking update interval (Δt): 60 seconds;
§ Energy integration resolution: 10 minutes;
§ Evaluation duration: 30 days;

Configurations compared:
§ Fixed-tilt;
§ Single-axis;
§ Dual-axis geometric;
§ AI-optimized tracker.

Energy yield differences were statistically
validated using one-way ANOVA [21]. 

3.7.5 Implementation Readiness 

Due to low computational complexity O(p), the 
regression inference time is below 5 ms per iteration 
in simulation, enabling deployment on low-power 
embedded microcontrollers (e.g., STM32 or Arduino-
based systems). 

The algorithm structure (Algorithm 1) provides 
reproducible implementation guidance and can be 
directly translated into C/C++ firmware logic. 

4 SIMULATION AND 
STATISTICAL VALIDATION 

4.1 Simulation Setup 

The proposed AI-based solar tracking framework was 
evaluated using a computational photovoltaic (PV) 
simulation environment implemented in Python 
(NumPy-SciPy). 

Solar irradiance was generated using a clear-sky 
radiation model consistent with established solar 
engineering formulations [9], with stochastic 
perturbations applied to emulate atmospheric 
variability. 

Simulation parameters: 
§ Latitude: 41.3° N;
§ Time resolution: 10-minute intervals;
§ Tracking update interval (Δt): 60 s;
§ Evaluation period: 30 days;
§ PV nominal capacity: 5 kW.

Four configurations were evaluated:
1) Fixed-tilt PV system;
2) Single-axis tracker;
3) Dual-axis geometric tracker;
4) Proposed AI-optimized tracker.
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4.2 Energy Yield Comparison 

The total simulated energy production results are 
summarized in Table 6. 

Table 6: Comparative energy output of tracking systems. 

System Energy Output 
(kWh) 

Relative 
Gain (%) 

Fixed panel 620 0 
Single-axis tracker 732 +18.1%

Dual-axis geometric 794 +28.1%
AI-optimized tracker 832 +34.2%

The AI-based system achieved an additional 6.1% 
gain over the conventional dual-axis tracker. 

4.3 One-Way ANOVA Analysis 

To evaluate statistical significance, one-way 
ANOVA was performed across system 
configurations following experimental design 
methodology [21]. 

Hypotheses: 
H₀:μ₁=μ₂=μ₃=μ₄ 
H₁: At least one group mean differs 
ANOVA results are summarized in Table 7. 

Table 7: One-Way ANOVA Results. 

Source SS df MS F p-
value 

Between 
groups 1250 3 416.7 18.47 0.0003 

Within groups 450 16 28.1 - - 

Since p < 0.05, the null hypothesis is rejected, 
indicating statistically significant performance 
differences among configurations. 

4.4 Effect Size Estimation 

Beyond statistical significance, effect magnitude was 
quantified using eta-squared (η²): 
§ η² = SS_between / SS_total;
§ η² = 1250 / (1250 + 450) = 0.735.

An η² value of 0.735 indicates a large effect size,
meaning that 73.5% of total variance in energy output 
is explained by tracking configuration type [21]. 

This confirms that the proposed AI-based method 
provides not only statistically significant but also 
practically substantial improvement. 

4.5 Confidence Interval Analysis 

The 95% confidence interval for mean energy output 
of the AI-optimized system was computed as: 

CI = μ ± t(α/2, df) × (s/√n). 

Simulation-based estimation yields: 

832 ± 9.4 kWh. 

Thus, the AI-based system maintains a 
statistically stable performance margin over 
competing configurations. 

4.6 Regression Model Validation 

The regression-based correction model achieved: 
§ R² = 0.87;
§ Adjusted R² = 0.84;
§ RMSE = 1.42;
§ MAE = 0.96.

The high coefficient of determination confirms
strong predictive capability, while low RMSE and 
MAE values indicate stable estimation accuracy. 

5 DISCUSSION 

The results demonstrate that integrating deterministic 
solar geometry with machine learning-based 
correction improves tracking precision and energy 
output. While dual-axis geometric systems already 
provide substantial gains, adaptive correction 
enhances orientation accuracy under variable 
irradiance conditions. 

The hybrid bibliometric-applied IT approach 
provides two major contributions: 

1) Scientometric identification of AI 
underrepresentation in solar tracker research. 

2) Quantitative validation of an AI-enhanced
tracking architecture.

The proposed framework is scalable for 
microcontroller-based embedded systems and can be 
integrated into smart-grid environments, consistent 
with broader approaches to photovoltaic smart-grid 
integration [24]. 

6 CONCLUSIONS 

This study presented a reproducible hybrid 
optimization framework integrating bibliometric gap 
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identification with applied artificial intelligence-
based solar tracking control. 

The proposed system combines deterministic 
solar geometry modeling with a regression-based 
adaptive correction mechanism to compensate for 
atmospheric variability and environmental 
disturbances. 

Simulation results demonstrated: 
§ 34.2% improvement compared to fixed-tilt

systems;
§ 6.1% improvement over conventional dual-

axis geometric tracking;
§ Statistically significant performance 

differences (F = 18.47, p < 0.001); 
§ Large practical impact (η² = 0.735).

From an applied IT perspective, this work
contributes: 

1) A formalized hybrid deterministic-ML
optimization algorithm.

2) A reproducible regression-based adaptive
correction model with defined input features
and validation protocol.

3) A closed-loop control architecture suitable for
real-time embedded deployment.

4) A statistically validated comparative
simulation framework.

5) Demonstration of computational feasibility for
microcontroller-based implementation.

The results confirm that integrating predictive 
machine learning into solar tracking control 
architectures significantly enhances energy yield and 
operational adaptability. 

Future work will include hardware-level 
validation and integration of nonlinear or deep 
learning-based predictive models for enhanced 
irradiance forecasting. 
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