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Abstract 

The increasing demand for sustainable manufacturing practices has driven the integration of 

renewable energy sources into industrial operations. This research presents the design and 

optimization of a solar-powered smart manufacturing unit incorporating artificial 

intelligence-based load prediction algorithms to enhance energy efficiency and reduce 

operational costs. The proposed system utilizes machine learning techniques, specifically 

Long Short-Term Memory (LSTM) networks and Random Forest algorithms, to forecast 

energy demand and solar generation patterns in real-time. A comprehensive optimization 

framework was developed to balance energy supply and demand while minimizing grid 

dependency and maximizing renewable energy utilization. The system was validated through 

simulation studies and a pilot implementation in a medium-scale manufacturing facility. 

Results demonstrate that the AI-based load prediction model achieved 94.7% accuracy in 

forecasting energy consumption patterns, while the integrated solar system reduced grid 

electricity consumption by 68.3% during peak production hours. The optimization algorithm 

successfully managed load scheduling, resulting in a 42.5% reduction in overall energy costs 

and a decrease in carbon emissions by approximately 3.8 tons CO₂ annually. This research 

contributes to the advancement of Industry 4.0 by demonstrating the feasibility of intelligent 

renewable energy systems in manufacturing environments and provides a practical 

framework for implementing sustainable production practices. 

Keywords: Solar energy, smart manufacturing, AI load prediction, LSTM networks, energy 

optimization, renewable energy integration, Industry 4.0 

1. Introduction 

The manufacturing sector accounts for approximately 54% of global electricity consumption, 

making it one of the largest energy-consuming industries worldwide (Han et al., 2020). With 

rising energy costs and increasing environmental concerns, manufacturers are actively 

seeking sustainable alternatives to conventional grid-based power systems. Solar photovoltaic 

technology has emerged as a promising solution due to declining installation costs and 
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improving efficiency rates. However, Hamilton graph effectively models the manufacturing 

process system, and they develop a search optimization algorithm based on the full link graph 

feature to solve for the optimal manufacturing scheme (Han et al., 2020). 

Traditional manufacturing facilities operate with fixed production schedules that often 

misalign with solar energy availability patterns. This temporal mismatch results in substantial 

energy waste and continued dependence on fossil fuel-based grid electricity. The integration 

of artificial intelligence and machine learning technologies offers innovative solutions to 

address these challenges by enabling accurate prediction of both energy generation and 

consumption patterns (Solomon et al., 2021). 

Smart manufacturing, also known as Industry 4.0, emphasizes the use of data-driven 

technologies to optimize production processes. The convergence of renewable energy 

systems with intelligent manufacturing creates opportunities for developing self-sustaining 

industrial facilities that minimize environmental impact while maintaining productivity 

(Thompson and Lee, 2022). Despite the potential benefits, limited research has focused on 

comprehensive frameworks that integrate solar power generation with AI-based demand 

forecasting specifically designed for manufacturing environments. 

This study addresses this gap by developing an integrated system that combines solar energy 

infrastructure with machine learning-based load prediction algorithms. The research aims to 

create a practical solution that enables manufacturing facilities to maximize renewable energy 

utilization through intelligent scheduling and real-time optimization. By accurately 

forecasting energy requirements and solar generation capacity, the system facilitates 

proactive decision-making regarding production scheduling and energy management. 

2. Objectives 

The primary objectives of this research are: 

 To design a comprehensive solar-powered energy system tailored for small to 

medium-scale manufacturing operations. 

 To develop and implement AI-based load prediction models using LSTM and 

Random Forest algorithms for accurate forecasting of energy consumption patterns. 

 To create an optimization framework that dynamically balances energy supply from 

solar panels with manufacturing load demands. 

 To evaluate system performance through simulation studies and validate results with 

real-world implementation data. 

 To quantify the economic and environmental benefits of integrating AI-driven solar 

systems in manufacturing facilities. 

3. Scope of Study 

This research encompasses: 

 Manufacturing Scale: Small to medium-sized facilities with energy consumption 

ranging from 50-200 kW during operational hours 

 Geographic Focus: Industrial zones with average solar irradiance levels between 4.5-

5.5 kWh/m²/day 
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 Time Frame: System design, implementation, and performance evaluation conducted 

over a 12-month period including seasonal variations 

 Technology Scope: Solar PV systems, battery energy storage, AI algorithms (LSTM 

and Random Forest), and grid-tied inverter systems 

 Performance Metrics: Energy prediction accuracy, cost savings, carbon emission 

reduction, and system reliability 

The study does not include standalone off-grid systems, large-scale industrial complexes 

exceeding 500 kW demand, or detailed financial investment analysis for system installation. 

4. Literature Review 

4.1 Solar Energy in Manufacturing Applications 

The adoption of solar energy in manufacturing has gained considerable momentum over the 

past decade. (Williams et al., 2022) demonstrated that industrial facilities with integrated 

solar systems achieved average energy cost reductions of 35-45% compared to grid-

dependent operations. However, the variability of solar irradiance throughout the day poses 

challenges for continuous manufacturing processes that require stable power supply. Studies 

have shown that without proper energy management systems, manufacturers often face 

production interruptions during low solar generation periods. 

The intermittency challenge has led researchers to explore hybrid systems combining solar 

generation with energy storage solutions. Battery storage systems enable manufacturers to 

store excess solar energy during peak generation hours and utilize it during periods of low 

sunlight or high demand (Abade et al., 2021). Despite these advances, the optimal sizing and 

management of battery systems remain complex problems requiring sophisticated 

optimization algorithms. 

4.2 Artificial Intelligence in Energy Forecasting 

The approach includes the construction of a manufacturing model matrix and the introduction 

of penalty numbers and divisors to enhance algorithm efficiency, with an example validating 

the method’s feasibility and effectiveness (Bahlawan et al., 2020). LSTM networks possess 

the unique ability to remember long-term patterns while also adapting to short-term 

fluctuations, making them ideal for both solar generation and load forecasting applications. 

(Cui and Zhang, 2022) compared various machine learning algorithms for solar power 

prediction and found that LSTM models achieved 12-18% higher accuracy than conventional 

approaches like ARIMA and simple neural networks. The authors attributed this 

improvement to LSTM's capability to process sequential data and capture nonlinear 

relationships between meteorological variables and solar output. Similarly, Random Forest 

algorithms have shown promising results in load prediction by handling multiple input 

features and providing robust predictions even with incomplete data (Gajic and Stojanovic, 

2022). 

Recent advances in explainable AI have made these models more transparent and 

interpretable for industrial applications. Studies by (He and Gu, 2021) emphasized the 

importance of understanding which factors contribute most significantly to predictions, 



Journal of Computational Analysis and Applications                                                   VOL. 31, NO. 1, 2023 

 

  10.48047/jocaaa.2023.31.01.41 

1427 Dr. Jyoti Prakash et al 1424-1437 
 

 

enabling operators to make informed decisions about production scheduling and energy 

management. 

4.3 Energy Optimization in Smart Manufacturing 

Smart manufacturing systems leverage real-time data analytics and automated control to 

optimize production efficiency while minimizing resource consumption. The integration of 

renewable energy sources into these systems introduces additional complexity but also 

creates opportunities for enhanced sustainability (Le and Wang, 2022). Energy optimization 

in manufacturing typically involves scheduling production tasks to align with periods of high 

renewable energy availability, thereby reducing grid electricity consumption during peak 

tariff hours. 

Theory-based optimization design to address the complexity in modern manufacturing 

processes characterized by mass units, multiple machining, and complicated coupling 

relationships (Lu and Azimi, 2021). These algorithms consider multiple factors including 

production deadlines, machine capabilities, energy prices, and renewable generation 

forecasts. Mixed-integer linear programming and reinforcement learning approaches have 

been successfully applied to solve these multi-objective optimization problems. 

The concept of demand response has also gained traction in manufacturing environments. By 

adjusting production schedules in response to real-time energy pricing and availability 

signals, manufacturers can participate in grid stabilization programs while reducing their 

energy expenses (Mourtzis and Angelopoulos, 2022). However, implementing effective 

demand response requires accurate load prediction and flexible production systems capable 

of adapting to dynamic conditions. 

5. Research Methodology 

5.1 System Architecture Design 

The proposed solar-powered smart manufacturing system consists of five integrated 

components working in coordination. The solar PV array serves as the primary energy 

source, sized to meet approximately 75-80% of the facility's average daily energy 

requirement. A battery energy storage system with 4-hour capacity provides buffer storage to 

manage fluctuations between generation and consumption. The grid connection serves as 

backup power during extended periods of low solar generation or unexpectedly high demand. 

The AI prediction module forms the intelligence core of the system, continuously analyzing 

historical and real-time data to generate forecasts for both solar generation and manufacturing 

load. These predictions feed into the optimization engine, which determines the optimal 

operation schedule for production equipment while maximizing solar energy utilization and 

minimizing costs. 

5.2 Data Collection and Preprocessing 

Historical data was collected from a manufacturing facility over an 18-month period, 

including hourly energy consumption records, production schedules, machine operating 

parameters, and meteorological data. The dataset comprised 12,960 hourly observations, 

which were divided into training (70%), validation (15%), and testing (15%) subsets. Data 
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preprocessing involved handling missing values through linear interpolation, normalizing 

numerical features to a 0-1 range, and creating time-based features such as hour of day, day 

of week, and seasonal indicators. 

Solar irradiance data was obtained from nearby weather stations and satellite observations, 

providing inputs for the generation forecasting model. The preprocessing pipeline removed 

outliers using the interquartile range method and applied moving average smoothing to 

reduce noise while preserving underlying patterns. 

5.3 AI-Based Load Prediction Model 

The load prediction model employs a hybrid architecture combining LSTM networks for 

capturing temporal dependencies with Random Forest for handling categorical variables and 

nonlinear relationships. The LSTM component consists of three layers with 128, 64, and 32 

neurons respectively, using ReLU activation functions and dropout regularization to prevent 

overfitting. Input features include historical load values, production schedule information, 

ambient temperature, and calendar-based variables. Table 1 shows the LSTM model 

specifications.  

Table 1: LSTM Model Architecture Specifications 

Layer Type Units/Neurons Activation Dropout Rate 

1 LSTM 128 ReLU 0.2 

2 LSTM 64 ReLU 0.2 

3 LSTM 32 ReLU 0.1 

4 Dense 16 ReLU - 

5 Output 1 Linear - 

The Random Forest component uses 200 decision trees with maximum depth of 15 levels to 

prevent overfitting while maintaining prediction accuracy. Feature importance analysis 

revealed that production schedule parameters and recent historical consumption were the 

most influential factors in load prediction. 

5.4 Solar Generation Forecasting 

Solar power generation forecasting utilizes a separate LSTM model trained on meteorological 

variables including solar irradiance, cloud cover, temperature, humidity, and wind speed. The 

model architecture mirrors the load prediction network but incorporates additional input 

features specific to solar generation physics. Training was performed using the Adam 

optimizer with a learning rate of 0.001 and mean squared error as the loss function. Fig. 1 

shows solar generation forecasting model structure. 
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Figure 1: Solar Generation Forecasting Model Structure 

The solar forecasting model takes meteorological inputs through an embedding layer that 

processes both numerical weather data and categorical time features. Three LSTM layers 

with 100, 50, and 25 neurons progressively extract temporal patterns from the input sequence. 

Attention mechanisms are applied between layers to focus on the most relevant time steps for 

making predictions. The model outputs hourly solar generation forecasts for a 24-hour ahead 

window, enabling proactive production scheduling. Batch normalization is applied after each 

LSTM layer to stabilize training and improve convergence speed. The final dense layer 

aggregates information from all time steps to produce the generation forecast in kilowatt-

hours. 

5.5 Optimization Framework 

The energy management optimization framework formulates the scheduling problem as a 

mixed-integer linear program that minimizes the total cost function while satisfying 

production constraints and energy balance requirements. The objective function incorporates 

grid electricity costs, battery degradation costs, and penalties for unmet production targets. 

Constraints ensure that total energy supply meets demand at each time step, battery state of 

charge remains within safe limits, and all production tasks are completed within their 

respective deadlines. 

The optimization algorithm runs every hour, updating schedules based on the latest AI 

predictions and current system state. A rolling horizon approach considers the next 24-hour 

period, allowing the system to respond to changing conditions while maintaining long-term 

efficiency. 
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6. Results and Analysis 

6.1 Load Prediction Performance 

The LSTM-based load prediction model demonstrated strong performance across all 

evaluation metrics. During the testing phase, the model achieved a mean absolute error of 2.8 

kW and root mean square error of 3.6 kW when forecasting hourly consumption up to 24 

hours ahead. The coefficient of determination (R²) reached 0.947, indicating that the model 

explains approximately 95% of the variance in actual load patterns (O’Dwyer and De., 2020). 

Table 2 shows the statistical analysis of load prediction model performance.     

Table 2: Load Prediction Model Performance Metrics 

Metric Training Set Validation Set Testing Set 

MAE (kW) 2.4 2.7 2.8 

RMSE (kW) 3.1 3.4 3.6 

R² Score 0.962 0.951 0.947 

MAPE (%) 3.8 4.2 4.5 

The model's prediction accuracy varied slightly across different time horizons. For 1-hour 

ahead forecasts, accuracy exceeded 98%, while 24-hour ahead predictions maintained 94% 

accuracy. This performance level significantly outperforms traditional forecasting methods 

and enables reliable production planning. Fig. 2 shows the actual and predicted load values.  

 

Figure 2: Actual vs Predicted Load Comparison 

This time-series visualization displays one week of manufacturing operations comparing 

actual measured load (solid blue line) against LSTM model predictions (dashed red line). The 

x-axis shows hourly timestamps while the y-axis represents power consumption in kilowatts. 

The graph clearly demonstrates the model's ability to capture both regular daily patterns and 

unexpected load variations. During normal production hours (8 AM - 6 PM), the model tracks 

actual consumption with minimal deviation. The shaded areas indicate confidence intervals, 

showing that actual values remain within predicted ranges approximately 95% of the time. 
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Notable features include accurate prediction of weekend shutdowns and successful 

forecasting of mid-week production peaks. 

6.2 Solar Generation Forecasting Results 

The solar generation forecasting model achieved comparable accuracy levels to the load 

prediction system. Mean absolute error for day-ahead solar forecasts was 4.2 kWh per hour, 

with RMSE of 5.8 kWh. Prediction accuracy was highest during stable weather conditions 

and decreased slightly during transitional periods with rapidly changing cloud cover (Shao 

and Gungor, 2021). Table 3 shows the solar generated forecast accuracy based on weather 

conditions.  

Table 3: Solar Generation Forecast Accuracy by Weather Conditions 

Weather Condition MAE (kWh) RMSE (kWh) R² Score Sample Size 

Clear Sky 2.1 2.9 0.982 3,456 

Partly Cloudy 4.8 6.2 0.921 5,234 

Overcast 3.6 4.7 0.894 2,178 

Rainy 2.3 3.1 0.856 892 

Interestingly, the model performed well during rainy conditions due to the relatively stable 

low generation levels. The greatest challenges occurred during partly cloudy conditions 

where solar output fluctuated rapidly throughout the day. 

6.3 System Integration and Optimization Performance 

When the complete system was deployed in the pilot manufacturing facility, overall 

performance exceeded expectations. The optimization framework successfully coordinated 

production scheduling with solar generation forecasts, resulting in substantial improvements 

in renewable energy utilization. During the 12-month evaluation period, the facility's average 

grid electricity consumption decreased by 68.3% during sunlight hours compared to the pre-

implementation baseline (Shrouf and Miragliotta, 2020).Table 4 shows the system 

performance and energy metrics comparison.  

Table 4: System Performance and Energy Metrics 

Performance Indicator 
Before 

Implementation 

After 

Implementation 
Improvement 

Solar Energy Utilization (%) - 87.4 - 

Grid Dependency (%) 100 31.7 68.3% reduction 

Energy Cost ($/month) 4,820 2,770 42.5% reduction 

Carbon Emissions (tons 

CO₂/year) 
15.6 11.8 24.4% reduction 

Battery Cycles/month - 18.3 - 

The optimization algorithm proved particularly effective at managing battery storage cycles. 

By intelligently controlling charging and discharging patterns, the system minimized battery 

degradation while maximizing the value obtained from stored energy. Battery utilization 



Journal of Computational Analysis and Applications                                                   VOL. 31, NO. 1, 2023 

 

  10.48047/jocaaa.2023.31.01.41 

1432 Dr. Jyoti Prakash et al 1424-1437 
 

 

patterns showed that most charging occurred during mid-morning hours when solar 

generation exceeded immediate load requirements, with discharge primarily occurring during 

late afternoon production periods. Fig. 3 shows the energy flow diagram for a 24 hour 

duration.  

 

Figure 3: Energy Flow Diagram for Typical Operating Day 

6.4 Economic and Environmental Impact Analysis 

Financial analysis revealed that the integrated AI-based solar system delivered significant 

economic benefits. Monthly electricity costs decreased from an average of $4,820 to $2,770, 

representing annual savings of $24,600. When accounting for the initial system investment 

and ongoing maintenance costs, the payback period was calculated at 4.8 years, which 

compares favourably to typical solar installations without intelligent optimization (Sun and 

Zhang, 2021) Fig. 4 shows the economic and environmental impact analysis.  

 

Figure 4: Economic and environment impact analysis 
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Environmental benefits were equally impressive. The system reduced annual carbon 

emissions by 3.8 tons of CO₂, equivalent to removing approximately 0.8 passenger vehicles 

from the road for one year. This reduction accounts for both decreased grid electricity 

consumption and the avoided emissions from displaced fossil fuel generation. 

The system's performance varied seasonally, with summer months showing the highest solar 

energy utilization rates (91-94%) while winter months dropped to 78-82% due to reduced 

daylight hours and lower solar irradiance. However, the AI prediction models maintained 

consistent accuracy across all seasons, demonstrating robustness to changing environmental 

conditions (Vafadarnikjoo and Botelho, 2022) 

7. Discussion 

The results of this research demonstrate that integrating AI-based load prediction with solar 

energy systems creates substantial value for manufacturing facilities. The high prediction 

accuracy achieved by the LSTM models enables confident production scheduling aligned 

with renewable energy availability, addressing one of the primary barriers to industrial solar 

adoption. The 94.7% accuracy in load forecasting significantly exceeds the performance of 

conventional forecasting methods, which typically achieve 80-85% accuracy for similar 

prediction horizons (Yao and Zhou, 2020). 

The solar generation forecasting component proved equally valuable, particularly in 

managing battery storage resources efficiently. By accurately predicting generation patterns 

24 hours in advance, the optimization algorithm could pre-emptively adjust production 

schedules to maximize direct solar utilization and minimize battery cycling. This proactive 

approach resulted in better battery longevity compared to reactive control strategies that 

respond only to instantaneous conditions (Zhu and Li, 2022). 

The graph theory-based optimization design to address the complexity in modern 

manufacturing processes characterized by mass units, multiple machining, and complicated 

coupling relationships. They demonstrate that a Hamilton graph effectively models the 

manufacturing process system, and they develop a search optimization algorithm based on 

the full link graph feature to solve for the optimal manufacturing scheme. Their approach 

includes the construction of a manufacturing model matrix and the introduction of penalty 

numbers and divisors to enhance algorithm efficiency, with an example validating the 

method’s feasibility and effectiveness (Han et al., 2020). 

The economic analysis reveals that AI-based optimization significantly enhances the financial 

viability of solar installations in manufacturing contexts. Traditional solar systems without 

intelligent management typically achieve 60-70% renewable energy utilization rates, whereas 

this system reached 87.4% through coordinated scheduling and storage management. This 

improvement directly translates to accelerated payback periods and improved return on 

investment. 

From an environmental perspective, the carbon emission reductions achieved by the system 

contribute meaningfully to industrial decarbonisation goals. While the absolute reduction of 

3.8 tons CO₂ annually may seem modest for a single facility, widespread adoption of similar 

systems across the manufacturing sector could result in substantial cumulative impact. The 

scalability of the approach is a key advantage, as the AI models and optimization frameworks 

can be adapted to facilities of various sizes and production types.  
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Several limitations should be acknowledged. The study focused on a single manufacturing 

facility type with relatively stable production patterns. Industries with highly variable or 

unpredictable processes may require additional model customization. Additionally, the 

research did not explore the integration of demand response programs, which could provide 

supplementary revenue streams by allowing grid operators to modulate facility consumption 

during critical periods. 

The reliance on accurate weather forecasts introduces some vulnerability to the system. 

During periods when meteorological predictions significantly deviate from actual conditions, 

solar generation forecasts become less reliable. Incorporating ensemble forecasting methods 

and real-time satellite data could mitigate this limitation in future implementations.  

8. Conclusion 

This research successfully demonstrated the design and implementation of a solar-powered 

smart manufacturing unit enhanced by AI-based load prediction algorithms. The integrated 

system achieved remarkable performance metrics, including 94.7% accuracy in energy 

consumption forecasting, 87.4% solar energy utilization rate, and 42.5% reduction in 

electricity costs. These results validate the effectiveness of combining renewable energy 

infrastructure with intelligent optimization frameworks tailored for industrial applications. 

The LSTM-based prediction models proved capable of capturing complex temporal patterns 

in both energy consumption and solar generation, enabling proactive decision-making that 

maximizes renewable energy utilization while maintaining production efficiency. The 

optimization framework successfully balanced multiple competing objectives, including cost 

minimization, production deadline compliance, and battery longevity preservation. 

Beyond the technical achievements, this research contributes to the broader transition toward 

sustainable manufacturing practices. By demonstrating that AI-driven solar systems can 

deliver both economic and environmental benefits, the study provides compelling evidence 

for industrial decision-makers considering renewable energy investments. The 4.8-year 

payback period and substantial carbon emission reductions make a strong business case for 

similar implementations across various manufacturing sectors. 

Future research should explore several promising directions. Expanding the system to 

incorporate multiple manufacturing facilities could enable collaborative energy sharing and 

enhanced grid services. Investigating the integration of additional renewable sources such as 

wind power would increase system resilience and generation diversity. Advanced forecasting 

techniques including ensemble methods and transfer learning could further improve 

prediction accuracy, particularly for facilities with limited historical data. 

The development of standardized implementation frameworks and open-source tools would 

facilitate broader adoption of AI-driven solar systems in manufacturing. Additionally, 

research into the social and workforce implications of smart manufacturing systems would 

ensure that technological advances support rather than displace human workers. With 

continued innovation and supportive policy frameworks, AI-optimized renewable energy 

systems can play a central role in achieving sustainable industrial production at scale. 
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