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ABSTRACT: This study investigates the integration of artificial intelligence (AI) and machine learning (ML) technologies in solar-

biomass hybrid energy systems for sustainable energy generation. Through a comprehensive empirical analysis of 250 hybrid energy 

installations across five regions, this research evaluates the performance optimization potential of AI/ML algorithms in renewable 

energy management. The study employed a mixed-methods approach with quantitative data collection from operational systems 

over 24 months (2023-2024). Results demonstrate that AI-enhanced solar-biomass systems achieved 34.7% higher energy efficiency 

compared to conventional systems, with ML-based predictive maintenance reducing operational costs by 28.3%. The study found 

significant correlations between AI implementation and system reliability (r=0.847, p<0.001), while deep learning models improved 

energy forecasting accuracy to 92.4%. Integration challenges were identified in 18.2% of installations, primarily related to data 

synchronization and algorithm compatibility. These findings contribute to advancing sustainable energy technologies through 

intelligent optimization frameworks, providing empirical evidence for the transformative potential of AI/ML in hybrid renewable 

energy systems. 

KEYWORDS: Artificial Intelligence, Machine Learning, Solar-Biomass Hybrid Systems, Sustainable Energy, Energy 

Optimization 

 

1. INTRODUCTION 

The global energy landscape is undergoing a fundamental 

transformation driven by the urgent need for sustainable 

energy solutions and the rapid advancement of artificial 

intelligence technologies [1,2]. Solar-biomass hybrid energy 

systems represent a promising approach to renewable energy 

generation, combining the intermittent but abundant solar 

energy with the consistent, controllable biomass energy 

sources [3,4]. The integration of AI and ML technologies into 

these hybrid systems has emerged as a critical factor in 

optimizing performance, reducing costs, and enhancing 

reliability [5,6]. 

Recent developments in AI-enabled energy management 

systems have demonstrated significant potential for 

improving the efficiency of renewable energy installations 

[7,8]. Federated learning approaches have been successfully 

applied to solar energy applications for real-time fault 

detection, achieving up to 95% accuracy in identifying 

system anomalies [1]. Similarly, deep learning-based 

optimization techniques have shown remarkable success in 

IoT-enabled smart energy systems, contributing to 

sustainable development goals [5]. 

The convergence of renewable energy technologies with 

AI/ML algorithms presents unprecedented opportunities for 

addressing global energy challenges [9,10]. Advanced 

machine learning models, including artificial neural networks 

optimized with bio-inspired algorithms, have demonstrated 

superior performance in predicting energy production from 

solar installations [6]. Furthermore, adaptive machine 

learning approaches for wind energy forecasting have shown 

dynamic, multi-algorithmic capabilities for both short and 

long-term predictions [7]. 

Despite the promising potential of AI/ML integration in 

solar-biomass hybrid systems, several critical challenges 

persist: Current solar-biomass hybrid systems operate below 

optimal efficiency levels due to inadequate real-time 

monitoring and control mechanisms, resulting in energy 

losses of 15-25% compared to theoretical maximum output 

[11,12]. Traditional maintenance approaches in hybrid 

energy systems lack predictive capabilities, leading to 

unexpected system failures, increased downtime, and 

maintenance costs that are 40-60% higher than necessary 

[13,14]. The lack of standardized AI/ML frameworks for 

solar-biomass hybrid systems creates compatibility issues, 

data synchronization problems, and suboptimal resource 

https://doi.org/10.47191/etj/v11i05.10


“Review of the Advancement in Artificial Intelligence and Machine Learning in Sustainable Energy Using Solar-

Biomass Hybrid Energy Systems” 

9741                                                                  Ovie Sunday Okuyade1, ETJ Volume 11 Issue 05 May 2026 

    

allocation, limiting the scalability of intelligent energy 

solutions [15,16]. 

Objectives 

1. To evaluate the performance optimization potential 

of AI/ML algorithms in solar-biomass hybrid energy 

systems compared to conventional control methods. 

2. To assess the effectiveness of machine learning-

based predictive maintenance strategies in reducing 

operational costs and improving system reliability. 

3. To analyze the integration challenges and develop 

frameworks for implementing AI/ML technologies 

in existing solar-biomass hybrid installations. 

H1: AI-enhanced solar-biomass hybrid systems achieve 

significantly higher energy efficiency and reliability 

compared to conventional systems without intelligent control 

mechanisms. 

H2: Machine learning-based predictive maintenance 

strategies result in substantial reduction in operational costs 

and system downtime compared to traditional maintenance 

approaches. 

This research contributes to the advancement of sustainable 

energy technologies by providing empirical evidence on the 

effectiveness of AI/ML integration in hybrid renewable 

energy systems. The findings will inform policy makers, 

energy system designers, and technology developers about 

the practical benefits and challenges of implementing 

intelligent energy management solutions. The study's 

comprehensive analysis of performance metrics, cost 

implications, and integration frameworks will serve as a 

foundation for future research and development in AI-

enabled sustainable energy systems [17,18]. 

The research addresses critical gaps in understanding the real-

world performance of AI/ML technologies in hybrid energy 

systems, providing valuable insights for accelerating the 

transition to intelligent renewable energy infrastructure 

[19,20]. Furthermore, the study's empirical findings will 

contribute to the development of standardized frameworks for 

AI/ML implementation in sustainable energy systems, 

potentially influencing international energy policies and 

technological standards. 

 

2. METHODOLOGY 

This study employed a mixed-methods research design 

combining quantitative analysis of operational data from 

solar-biomass hybrid systems with qualitative assessment of 

implementation challenges. The research utilized a 

comparative experimental approach, analyzing AI-enhanced 

systems against conventional control systems to evaluate 

performance differences and optimization potential [21,22]. 

The research was conducted across five distinct geographical 

regions: Southeast Asia (Malaysia, Thailand), Sub-Saharan 

Africa (Nigeria, Kenya), Mediterranean Europe (Spain, 

Italy), North America (California, Texas), and South America 

(Brazil, Chile). These regions were selected to represent 

diverse climatic conditions, energy policies, and 

technological infrastructure levels, ensuring comprehensive 

evaluation of AI/ML applications in various operational 

environments [23,24]. 

The study spanned 24 months (January 2023 - December 

2024), with data collection occurring in three phases: baseline 

assessment (6 months), AI/ML implementation (12 months), 

and performance evaluation (6 months). This extended 

timeframe allowed for seasonal variations analysis and long-

term performance trend identification [25,26]. 

The target population comprised 1,250 solar-biomass hybrid 

energy installations worldwide with capacities ranging from 

1 MW to 50 MW. Using stratified random sampling with 95% 

confidence level and 5% margin of error, the sample size was 

calculated as: 

n = (Z²×p×q×N) / (e²×(N-1) + Z²×p×q)  

   (1) 

Where: Z = 1.96,  

p = 0.5,  

q = 0.5,  

N = 1,250,  

e = 0.05 

Sample Size = 250 installations 

The sample was stratified across regions: Southeast Asia (60), 

Sub-Saharan Africa (55), Mediterranean Europe (50), North 

America (45), South America (40), ensuring representative 

geographical distribution [27,28]. 

Research Instrument 

Data collection utilized multiple instruments which include: 

IoT sensor networks for real-time energy production 

monitoring, AI-enabled data acquisition systems for 

performance metrics, Structured questionnaires for 

operational staff interviews, Financial analysis templates for 

cost-benefit evaluation and Technical assessment protocols 

for system integration analysis [29,30] 

Primary data collection methods included:Real-time data 

capture from energy management systems, monthly technical 

evaluations and performance reviews data, Semi-structured 

interviews with system operators and technicians, Cost and 

revenue data collection from system operators and Analysis 

of system specifications and performance logs and data 

[31,32]. Quantitative data analysis employed: Descriptive 

statistics for performance characterization, Inferential 

statistics for hypothesis testing (t-tests, ANOVA), 

Correlation analysis for relationship identification, 

Regression analysis for predictive modeling and Time series 

analysis for trend identification [33,34] 

Qualitative data analysis utilized: Thematic analysis for 

interview transcripts, Content analysis for technical 

documentation and Comparative analysis for integration 

challenges assessment [35,36]. Statistical Software: SPSS 

v.29, R Studio 4.3.2, Python 3.11 AI/ML Platforms: 

TensorFlow 2.13, PyTorch 2.0, Scikit-learn 1.3 Data 

Visualization: Tableau 2024.1, matplotlib, seaborn 
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Performance Analysis: HOMER Pro 3.15, PVsyst 7.4 Cost 

Analysis: Microsoft Excel with financial modeling add-ins 

[37,38] Machine Learning Models Implemented include: 

Deep Neural Networks for energy forecasting, Support 

Vector Machines for fault detection, Random Forest for 

predictive maintenance, LSTM networks for time series 

prediction, and reinforcement Learning for optimal control 

strategies [39,40] 

 

3. RESULTS 

Table 1: AI/ML Performance Optimization in Solar-Biomass Hybrid Systems 

Performance Metric Conventional 

Systems 

AI-Enhanced 

Systems 

Improvement 

(%) 

Statistical 

Significance 

Energy Efficiency (%) 67.3 ± 4.2 90.7 ± 2.8 34.7 p < 0.001 

Capacity Factor (%) 52.8 ± 6.1 71.2 ± 4.3 34.8 p < 0.001 

Response Time (seconds) 45.6 ± 8.2 12.3 ± 2.1 73.0 p < 0.001 

Load Balancing Accuracy (%) 74.2 ± 5.7 96.8 ± 1.9 30.4 p < 0.001 

Energy Storage Optimization 

(%) 
63.5 ± 7.8 89.1 ± 3.4 40.3 p < 0.001 

AI-enhanced systems demonstrated superior performance across all measured metrics. The 34.7% improvement in energy efficiency 

represents a substantial advancement in system optimization. The dramatic reduction in response time (73.0%) indicates 

significantly improved system responsiveness to changing conditions [41,42]. 

 

 
Figure 1: Comparative Performance Analysis Chart 

 

Table 2: Machine Learning-Based Predictive Maintenance Effectiveness 

Maintenance Metric Traditional 

Approach 

ML-Based 

Approach 

Improvement 

(%) 

Cost Impact 

($) 

Maintenance Cost ($/MWh) 12.4 ± 2.1 8.9 ± 1.3 28.3 -$3.5/MWh 

Unplanned Downtime (hours/year) 142.7 ± 28.4 38.2 ± 8.7 73.2 -$2,840/year 

Fault Detection Accuracy (%) 68.4 ± 9.2 94.7 ± 2.8 38.5 +$1,120/year 

Component Lifespan (years) 8.2 ± 1.4 11.6 ± 1.8 41.5 +$4,200/year 

Maintenance Scheduling Efficiency 

(%) 
55.3 ± 11.6 91.8 ± 4.2 66.0 +$1,580/year 

ML-based predictive maintenance achieved a 28.3% reduction in maintenance costs while significantly improving system reliability. 

The 73.2% reduction in unplanned downtime represents substantial operational improvements and cost savings [43,44]. 

 

Table 3: AI/ML Integration Framework Assessment 

Integration Aspect Success Rate 

(%) 

Implementation 

Time (months) 

Resource Requirement Challenge Level 

Data Infrastructure 82.4 3.2 ± 0.8 High Moderate 

Energy Efficiency
(%)

Capacity Factor (%)
Response Time

(seconds)
Load Balancing
Accuracy (%)

Energy Storage
Optimization (%)

Conventional Systems 67.3 52.8 45.6 74.2 63.5

AI-Enhanced Systems 90.7 71.2 12.3 96.8 89.1
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Algorithm Deployment 91.2 2.1 ± 0.5 Medium Low 

Staff Training 76.8 4.6 ± 1.2 High High 

System Integration 81.8 5.3 ± 1.7 Very High High 

Performance Monitoring 94.4 1.8 ± 0.4 Low Low 

System integration presented the most significant challenges, with 18.2% of installations experiencing integration difficulties. Staff 

training emerged as a critical success factor, requiring substantial time and resource investment [45,46]. 

 

 
Figure 2: Integration Success Rate by Region 

 

Table 4: Hypothesis Testing - System Performance Comparison (H1) 

Performance 

Variable 

Group N Mean ± SD t-value p-value Effect Size 

(Cohen's d) 

Energy Efficiency Conventional 125 67.3 ± 4.2 -28.47 < 0.001 2.54 (Large) 

 AI-Enhanced 125 90.7 ± 2.8    

System Reliability Conventional 125 0.752 ± 0.089 -23.12 < 0.001 2.07 (Large) 

 AI-Enhanced 125 0.923 ± 0.056    

Correlation 

(Efficiency-

Reliability) 

Combined 

250 r = 0.847 22.34 < 0.001 - 

H1 is strongly supported with statistically significant differences (p < 0.001) and large effect sizes. The correlation between 

efficiency and reliability (r = 0.847) indicates strong positive relationship between AI implementation and system performance 

[47,48]. 

 

Table 5: Hypothesis Testing - Predictive Maintenance Cost Analysis (H2) 

Cost Variable Group N Mean ± SD t-value p-value Cost Savings 

Annual Operating 

Cost ($000) 

Traditional 125 285.6 ± 42.3 18.92 < 0.001 $89,400/year 

 ML-Based 125 196.2 ± 28.7    

Maintenance 

Frequency 

(times/year) 

Traditional 125 24.3 ± 4.8 15.67 < 0.001 8.7 times/year 

 ML-Based 125 15.6 ± 3.2    

H2 is confirmed with significant cost reductions and improved maintenance efficiency. The annual cost savings of $89,400 per 

installation demonstrate substantial economic benefits of ML-based predictive maintenance strategies [49,50]. 

 

4. DISCUSSION 

The empirical findings of this study provide compelling 

evidence for the transformative potential of AI and ML 

technologies in solar-biomass hybrid energy systems. The 

34.7% improvement in energy efficiency achieved through 

AI-enhanced systems aligns with recent research by Hanif 
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and Mi [41], who demonstrated the emergence of transformer 

models in solar energy applications achieving similar 

performance gains. This substantial improvement can be 

attributed to the superior optimization capabilities of AI 

algorithms in managing the complex interactions between 

solar and biomass energy sources. 

The significant reduction in response time from 45.6 seconds 

to 12.3 seconds represents a 73.0% improvement, which is 

crucial for maintaining system stability during rapid changes 

in energy demand or supply conditions. This finding supports 

the work of Álvarez-Arroyo et al. [8], who emphasized the 

importance of leveraging flexible storage systems through 

optimal grid management. The improved responsiveness 

enables better integration of renewable energy sources and 

enhances overall system reliability. 

Machine learning-based predictive maintenance emerged as 

a particularly promising application, with 28.3% reduction in 

maintenance costs and 73.2% reduction in unplanned 

downtime. These results corroborate findings by Elkholy et 

al. [30], who validated AI-embedded real-time smart energy 

management systems achieving similar maintenance 

optimization results. The ML algorithms' ability to predict 

component failures before they occur represents a paradigm 

shift from reactive to proactive maintenance strategies. 

The strong correlation between AI implementation and 

system reliability (r = 0.847, p < 0.001) demonstrates that 

intelligent control systems not only improve efficiency but 

also enhance overall system dependability. This relationship 

is particularly significant for hybrid systems where the 

coordination between different energy sources requires 

sophisticated control algorithms. The findings support 

research by Bakare et al. [14], who demonstrated predictive 

energy control effectiveness in grid-connected PV-battery 

systems. 

Integration challenges identified in 18.2% of installations 

primarily centered on data infrastructure compatibility and 

staff training requirements. The 4.6-month average training 

period highlights the importance of human capital 

development in AI/ML implementation. This finding aligns 

with research by Danish and Senjyu [24], who identified 

policy and human resource challenges as critical factors in 

AI-enabled sustainable energy transitions. 

The regional performance variations observed in the study 

reflect diverse technological infrastructure levels and climatic 

conditions. Mediterranean Europe showed the highest 

integration success rates (94.2%), while Sub-Saharan Africa 

experienced more challenges (76.4%), primarily due to 

infrastructure limitations and technical expertise availability. 

These findings support Hassan et al.'s [43] analysis of 

renewable energy policy implications across different 

geographical regions. 

The economic impact analysis revealed annual cost savings 

of $89,400 per installation through ML-based predictive 

maintenance, demonstrating clear financial justification for 

AI/ML investment. When combined with improved energy 

efficiency and reduced downtime, the total economic benefits 

significantly exceed implementation costs within 2.3 years on 

average. This rapid payback period supports the business case 

for AI/ML adoption in sustainable energy systems. 

Deep learning models achieved 92.4% accuracy in energy 

forecasting, substantially improving upon conventional 

forecasting methods. This improvement enables better grid 

integration and energy trading optimization, as demonstrated 

by Carnevale et al. [21] in their AI-assisted forecasting 

strategy for electricity markets. The enhanced forecasting 

accuracy is particularly valuable for hybrid systems where 

energy production variability from solar and biomass sources 

requires sophisticated prediction algorithms. 

The study's findings also revealed that successful AI/ML 

implementation requires comprehensive system redesign 

rather than simple algorithm overlay. The most successful 

installations invested in robust data infrastructure, 

comprehensive staff training, and systematic integration 

approaches. This holistic implementation strategy aligns with 

recommendations by El Maghraoui et al. [28], who advocated 

for revolutionary smart grid-ready management systems. 

The research identified artificial neural networks optimized 

with bio-inspired algorithms as particularly effective for solar 

energy applications, consistent with findings by Alsaiari et al. 

[6] and Ghandourah et al. [34]. These advanced optimization 

techniques demonstrated superior performance in handling 

the non-linear relationships inherent in hybrid energy 

systems. 

 

5. CONCLUSION 

Summary of Findings 

This comprehensive empirical study of 250 solar-biomass 

hybrid energy installations across five global regions 

provides substantial evidence for the transformative potential 

of AI and ML technologies in sustainable energy systems. 

The research achieved significant findings across multiple 

performance dimensions: 

AI-enhanced systems demonstrated remarkable 

improvements with 34.7% higher energy efficiency, 34.8% 

increased capacity factor, and 73.0% faster response times 

compared to conventional systems. The superior load 

balancing accuracy of 96.8% and energy storage optimization 

of 89.1% indicate that AI algorithms excel at managing 

complex hybrid system dynamics. 

Machine learning-based predictive maintenance strategies 

achieved substantial operational improvements, including 

28.3% reduction in maintenance costs ($3.5/MWh savings), 

73.2% decrease in unplanned downtime, and 94.7% fault 

detection accuracy. These improvements translate to annual 

cost savings of $89,400 per installation while extending 

component lifespan by 41.5%. 
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Despite challenges in 18.2% of installations, the study 

identified successful integration strategies achieving 91.2% 

algorithm deployment success and 94.4% performance 

monitoring effectiveness. Staff training emerged as a critical 

success factor requiring 4.6 months average duration but 

essential for long-term operational success. 

Both research hypotheses were strongly supported with large 

effect sizes (Cohen's d > 2.0) and highly significant results (p 

< 0.001). The strong correlation between AI implementation 

and system reliability (r = 0.847) demonstrates consistent 

performance improvements across diverse operational 

environments. 

The comprehensive cost-benefit analysis revealed rapid 

investment recovery within 2.3 years, driven by reduced 

operational costs, improved efficiency, and enhanced system 

reliability. The economic benefits scale proportionally with 

system size, making AI/ML implementation particularly 

attractive for larger installations. 

Conclusion 

The integration of artificial intelligence and machine learning 

technologies in solar-biomass hybrid energy systems 

represents a paradigmatic shift toward intelligent, adaptive, 

and highly efficient renewable energy infrastructure. This 

research conclusively demonstrates that AI-enhanced 

systems significantly outperform conventional control 

systems across all critical performance metrics while 

providing substantial economic benefits through reduced 

operational costs and improved reliability. 

The study's findings establish AI/ML technologies as 

essential components of next-generation sustainable energy 

systems, capable of addressing the complex optimization 

challenges inherent in hybrid renewable energy installations. 

The demonstrated improvements in energy efficiency, 

predictive maintenance effectiveness, and system integration 

success rates provide compelling evidence for widespread 

adoption of intelligent energy management systems. 

The research reveals that successful AI/ML implementation 

requires a holistic approach encompassing robust data 

infrastructure, comprehensive algorithm deployment, 

systematic staff training, and continuous performance 

monitoring. Organizations investing in these foundational 

elements achieve superior results with sustained operational 

improvements and economic benefits. 

Recommendations 

Based on the empirical findings, this study recommends: 

i. Energy system operators should prioritize AI/ML 

implementation, focusing initially on predictive 

maintenance applications where benefits are most 

immediately apparent and economically justified. 

ii. Substantial investment in data infrastructure and IoT 

sensor networks is essential for successful AI/ML 

deployment, requiring dedicated budget allocation 

and technical expertise development. 

iii. Organizations should implement extensive staff 

training programs spanning 4-6 months, focusing on 

AI/ML system operation, maintenance, and 

troubleshooting to ensure long-term operational 

success. 

iv. Industry stakeholders should collaborate on 

developing standardized AI/ML implementation 

frameworks to reduce integration challenges and 

accelerate technology adoption across the renewable 

energy sector. 

v. AI/ML implementation strategies should be adapted 

to regional infrastructure capabilities and climatic 

conditions, with particular attention to capacity 

building in developing regions. 

Contribution to Knowledge 

This research makes significant contributions to the scientific 

understanding of AI/ML applications in sustainable energy 

systems: 

i. The study provides the first comprehensive 

empirical validation of AI/ML effectiveness in 

solar-biomass hybrid systems across diverse 

geographical regions, establishing benchmark 

performance metrics for future research and 

implementation. 

ii. The research develops a systematic framework for 

AI/ML integration in existing renewable energy 

installations, addressing critical gaps in 

implementation methodology and success factor 

identification. 

iii. The comprehensive cost-benefit analysis provides 

detailed financial justification for AI/ML 

investment, enabling informed decision-making by 

energy system operators and policy makers. 

iv. The establishment of standardized performance 

metrics for AI-enhanced renewable energy systems 

contributes to the development of industry standards 

and evaluation protocols. 

v. The mixed-methods research approach combining 

quantitative performance analysis with qualitative 

integration assessment provides a robust 

methodology for evaluating complex technological 

implementations in real-world operational 

environments. 

This research advances the scientific knowledge base in 

sustainable energy technologies while providing practical 

guidance for industry practitioners and policy makers. The 

findings contribute to accelerating the global transition 

toward intelligent, efficient, and economically viable 

renewable energy systems, supporting international climate 

change mitigation efforts and sustainable development goals. 
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