


AI APPLICATIONS IN RENEWABLE ENERGY SYSTEMS
[bookmark: _GoBack] 



Abstract: Artificial Intelligence is increasingly being used with renewable energy sources. Global warming and climate change have forced researchers to think of methods to minimize the usage of fossil fuels and encourage renewable energy. Renewable energy is used to fulfill the increasing energy demands globally. Balancing the demand-supply gap, excessive production, and wasteful overconsumption should be avoided to facilitate efficient utilization of these resources. Identifying the trends and patterns of energy consumption, optimization and maintenance of the industrial equipment is beyond human calculations. AI can be used with renewable energy sources like solar and wind to reshape the renewable energy landscape. It helps forecast the demand for energy by analyzing energy usage and adjusting production accordingly. Organizations using renewable energy can optimize their systems using AI to improve efficiency and achieve sustainability. Similarly, it can optimize grid operations, by predicting and managing the irregularities in renewable energy production to allow smart grid management. Irregularities in maintenance may sometimes lead to complete failure of the system. AI can be used for predictive maintenance by collecting data from the equipment to predict the need for maintenance and repairs. The renewable energy sector is reinventing itself and embracing research and innovation for performance improvement. It can adopt the innovations of AI to achieve cost savings, become energy-efficient, and ensure better investment returns. This chapter will discuss applications of using AI for renewable energy sources, its impact on the environment, and how it will help to solve the challenges faced by the energy sector. 
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I. INTRODUCTION
Energy and fuel are essential components for fulfilling many requirements in day-to-day life. Technological advancements, urbanization, globalization, and a rapid rise in the population have increased the energy demand. The two basic energy sources available are renewable and non-renewable. Non-renewable energy sources, generally called fossil fuels are widely used to meet the energy and fuel requirements in industries, transportation, and general life. They have been the major contributors to the energy sector for more than 150 years. Coal, petroleum, and natural gas are the widely used fossil fuels. However, these fossil fuels are limited and release harmful emissions polluting the environment. Their extraction, transportation, and energy production have become the major causes of pollution. Despite the concerns over climate change and global warming, many sectors still use these fossil fuels to satisfy the energy requirements of people and other stakeholders. It has been observed that currently, fossil fuels are meeting over 80% of the world's energy needs. 
The latest edition of the World Energy Outlook indicates that the global energy crisis has compelled us to look towards alternate energy sources for a secure and cleaner future. This crisis reminds us of the unsustainability of the world energy system [33]. Renewable energy sources, like solar, wind, geothermal, and hydropower have started emerging as alternative sources. These sources are available abundantly and are free from emissions. Many countries have begun using renewable energies in different sectors. China leads in renewable energy consumption with 27.6 Exajoules worldwide in 2023, followed by the United States of America with 10.99 and Canada with 4.08 [34]. Though these energy sources are emission-free there is a lack of awareness among organizations and they are reluctant to adopt them due to their low efficiency and intermittent nature. AI has emerged as a solution for these problems in the renewable energy sector. AI algorithms like machine learning, deep learning, support vector machines, etc. are providing data-driven decisions. This chapter will discuss how AI can be used for predictive maintenance. This practice will prevent the complete breakdown of the power generation unit. Moreover, these algorithms can be used for energy optimization and analyzing consumption patterns to make decisions on energy production.  
II. AI TECHNIQUES FOR PREDICTIVE MAINTENANCE
Predictive maintenance using sensor and data analytical tools like Machine learning is gaining importance with the popularity of renewable energy sources. Moreover, the preference for renewable energy over fossil fuels has forced the organization to opt for predictive maintenance to allow uninterrupted energy production. Predictive maintenance is a technique for identifying equipment failure and damage that may occur in the future. It uses AI and data analytics to predict when equipment will need maintenance. It is a pivotal strategy for optimizing the lifespan and performance of renewable sources. Traditional maintenance techniques require inspection of the machines and equipment at regular intervals. Failing to do so may result in unwanted downtime and increased investments in maintenance. Moreover, locating renewable energy generation plants at remote or offshore locations elevates maintenance challenges. The irregularities in the availability of renewable energy are due to climatic conditions like changing wind speeds and unavailability of sunlight in the evenings or cloudy days. These challenges urge us to adopt better maintenance strategies. 
Machine learning algorithms learn from previous data and identify patterns and correlations to determine conditions that indicate equipment failures. The real-time data collected by the sensors regarding the equipment performance and environmental conditions are analyzed to anticipate the time for repair and maintenance [1]. The efficacy of predictive maintenance depends on the data quality provided by the sensors. The diversity of data and its different sources are other factors that affect predictive maintenance using AI and ML. The renewable energy infrastructure uses embedded sensors to collect data on temperature, vibration, humidity, pressure, etc. [2]. AI and ML algorithms analyze datasets to avoid potential failures in renewable energy systems [3]. 
i. Predictive Maintenance of Solar Panels
The primary goal of predictive maintenance in photovoltaic (PV) plants is to detect malfunctioning PV panels and avoid failure. Inverter failures are another set of problems that affect functioning PV plants. Conventional maintenance techniques like regular inspection and replacement of faulty equipment are not feasible in avoiding sudden faults. ML algorithms detect anomalous behavior in real-time data to serve as a supportive tool for predictive maintenance. The normal functioning of solar plants is affected by the following factors: i. The power generated by the PV panels is proportional to the intensity and wavelength of the sunlight. However, the incident sunlight is affected by factors like seasons, temperature variations during the day, geographical location, and position of the solar panels. ii. The local weather conditions determine the power generated by the PV plants. For example, solar power generation on a sunny day will be more than cloudy. iii. The power curves of panels placed near each other, tend to be similar. However, the presence of trees, towers, and buildings causes shadows on panels that result in differences in power generation. iv. Malfunctioning of panels gradually reduces the outputs. v. The layer of dust on the PV panels affects their efficiency. 
Considering the above factors, it is essential to predict the power curve of the PPV panels to avoid insufficient power supply. Conventional Neural Networks (CNN) can be used to monitor the working of PV panels and predict the power output of a panel based on the power curves of the neighboring ones. Though some factors may cause variations in the adjacent or closely placed panels a large variation in their outputs indicates malfunctioning for those giving very low outputs. Moreover, these algorithms can be used to predict the effect of factors like shadows on the power generation of the PV panels [4]. 
Dust accumulation on panels is a common problem in areas with drier climates and those with a lot of air pollution. However, the areas with frequent rains do not face this problem as dust may get washed away with rainfall. The areas with abundant rainfalls may also encounter this problem if the panels are not angled properly. The mounting of panels at remote or inaccessible locations makes the cleaning process difficult. Unclean panels are never a good option as they may damage glass permanently, limit its lifespan, and interrupt power generation. It is not advisable to use manual cleaning for the panels placed at remote locations due to risks to human lives. Natural cleaning by rainwater cannot be considered a perfect solution as rainwater may contain harmful chemicals due to environmental pollution. The water sprinklers before being used should be checked for water quality and the robots though very helpful may be heavy sometimes and may damage the panels [5]. 
ML algorithms help detect anomalies in large-scale PV systems to ensure safety by preventing fire hazards. It is essential to favorable efficiency. Manual approaches are inefficient in screening the large amount of electrical data and numerous panels used in the farms. It makes fault detection difficult and increases operational and maintenance costs. K-means and Long Short-Term Memory (LSTM) help detect faults in the output currents of large-scale solar farms. The output current of the string modules is classified into three categories based on the irradiance and temperature of the solar modules. The electric output current is clustered using the K-means. This clustered data is used to train the LSTM to enable the prediction of current values for string modules before detecting anomalies. LSTM considers past inputs, retains information, and uses it to compare with the current output and give accurate predictions. One of the advantages of using K-means and LSTM together is that it can handle voluminous data, and analyze and correlate it to detect the anomalies. Its ability to process noisy and unbalanced data reduces the challenges of predictive maintenance [6]. Data acquisition, training of models, and deployment are vital factors associated with predictive maintenance. However, heterogeneous and low-quality data pose challenges to preprocessing the sensor-based real-time data. Supervised learning techniques like logistic regression, support vector machines, and decision trees are some ML techniques used for predictive maintenance in PV plants. Besides this, some unsupervised learning techniques are clustering and anomaly detection [7]. 
ii. Predictive Maintenance of Wind Farms
The number of wind turbines is growing, and, predictive maintenance is becoming important to avoid downtime. Wind turbine mechanical failures can be predicted and prevented by analyzing their physical parameters and sound emissions. Sound emission analysis is done by observing and analyzing characteristics like frequency, and amplitude of the acoustic signals arising from the turbines during their normal operations. It enables early detection of anomalies like misalignment, mechanical wear, and other issues that may lead to failures. This monitoring can be done without visual inspection or physical access, helps to optimize maintenance, and lessens the need for extensive repairs [8]. AI is believed to enhance the reliability and efficiency of wind power systems by using data-driven decisions to recognize fault patterns and predict failures. It will help improve performance and reduce operational and maintenance costs. 
AI techniques like ML, neural networks, and Deep Learning (DL) can be used to analyze wind turbines' voluminous operational data. Sensors collect real-time data on temperature, vibration, pressure, and earlier fault records. The collected data is preprocessed to train the AI models to recognize the patterns of anomalies and faults. Support vector machines (SVMs), random forests, and recurrent neural networks can achieve higher accuracy in anomaly detection. We validate these models using different datasets and evaluate their performance based on parameters like accuracy, precision, and F1 score. These evaluations are compared to the existing fault detection techniques. Integration of real-time fault detection and timely maintenance alerts using AI models improves fault detection accuracy. It decreases false alarms and downtime. This AI-based system provides a reliable system with better operational efficiency and reduced investments in maintenance. These predictive insights help to optimize maintenance schedules and expand equipment lifetime [9]. 
Wind power converters and generation systems experience various faults. Some of the issues encountered while using the traditional fault diagnosis methods are less accuracy, more time needed for execution, and an increased need for hardware. Moreover, their application is limited to small samples. The robustness and precision of these algorithms can be enhanced by combining Particle Swarm optimization with some supervised ML algorithms like the support vector machine (SVM) and moving average algorithm. Three-phase current and bus voltage signals are analyzed to detect faults. The moving average algorithm processes the fault data received from the power converters, to maintain data features. A particle swarm algorithm can be used to build a model that uses SVM to detect open circuit faults in the power converters. This method helps overcome the limitation of conventional SVMs that can handle small non-linear datasets [10]. 
Another approach for prognostics in wind farms is using LSTM to predict the remaining useful life (RUL) of bearings and gearboxes to predict component degradation and failure. The Autoencoder algorithm exhibits high precision while detecting anomalies in wind turbines' workings [11]. Anomaly detection and RUL can be done using a multistage neural network based on autoencoder and regression models. This approach achieves maximum accuracy by studying the real-time data and considering the data received from previous inputs [12]. Supervised learning algorithms are preferred for detecting failures and unsupervised algorithms are favorable for anomaly detection. The ML models improve turbine efficiency by predicting the power output after analyzing the environmental conditions and operational parameters. ML algorithms contribute to sustainable energy in the future by making wind systems more reliable, energy-efficient, and economical [13].  
iii. Predictive Maintenance of Hydro-power Plants
Hydroelectric power plants (HPP) are important contributors to global power generation. These plants have a longer life span than other energy plants but their initial investments are very high. Organizations have begun to prioritize effective monitoring to fulfill the increasing demands for the operation and maintenance of plants. Though preventive maintenance is still practiced commonly, the advancements in sensors, big data, and ML have made predictive maintenance easier. The early detection of faults through predictive maintenance reduces downtime and operational and management costs. It ensures better planning for maintenance, extends asset life, and achieves maximized production [14]. Predictive maintenance techniques are helpful for failure detection, diagnostics, and prognostics in hydropower plants. Moreover, the advancements in AI have enabled the discovery of unknown patterns in the sensor data and derive the relations in the obtained data. Hydropower plants generate large amounts of data and using manual methods to analyze and study it is not feasible. Maintenance in an HPP involves monitoring and servicing equipment like turbines, generators, penstock, and control systems. It helps prevent breakdown and reduce downtime to ensure uninterrupted power supply [15]. 
Traditional Artificial Neural Networks (ANN) in predictive maintenance for HPPs could not function properly in varying environmental conditions. Real-time evolving deep learning (RT-EDL) models provide better alternatives to work when changing environmental conditions and ensure speed and accuracy during execution. Backpropagation techniques and a stochastic gradient descent optimizer are used to fine-tune this model through the new real-time acquired data. This model adapts to the new data and predicts power generation in HPP at different time durations, daily, monthly, and weekly. It leads to more precise forecasting than the conventional models. Though the conditions in HPP can fluctuate rapidly, RT-EDL refines its prediction dynamically to maintain its accuracy [16]. ML models can efficiently predict problems in HPP by feeding historical data on the temperature of turbine bearing and effective power generation. This approach saves the time needed for scheduled inspections and manual interventions. Furthermore, it improves efficiency and reduces operating costs by preventing breakdowns during power generation [17]. Silt is a major cause of the erosion of the underwater components of turbines used for hydropower generation. The efficiency of power generation is negatively affected by erosion.  and ANN gives better results than Curve fitting and multilinear regression for predicting a machine’s efficiency. Manufacturers and researchers use the relation among the various models to weigh the real-time changes in the condition of the machines to plan for effective operation and maintenance [18]. A few more ML techniques that can help in the predictive maintenance of HPP are using deep learning techniques with logistic regression to detect different types of failures and recurrent LSTM networks to classify various faults. LSTM can efficiently solve the problem of failures caused by the rise in temperature of generator bearings. The model is trained to detect failures and anomalies by using historical data. It combines normal operation data, anomalies, and failure. This method reduces downtime and prevents failure by using timely interventions. The early detection of failures results in significant cost and time savings, improved reliability, and better management of resources [19]. Technological advancements have improved the turbine efficiencies in hydropower plants. However, it has increased the complexity of these systems and increased the challenges for their operation and maintenance. LSTM is an AI tool that can be used effectively for time series data. An LSTM model when trained for bearing vibration data can be vital in maintaining turbine bearings in HPP by providing effective predictions for the bearing vibration with lower values to root mean square error. LSTM provides better accuracy due to the presence of memory cells that help the developed models remember past data points. The historical data is maintained for longer periods and is then used to predict future values. Moreover, it focuses on the most relevant data, and filters noise and irrelevant information to provide better accuracy. The ability of the LSTM models to anticipate issues before their occurrence has helped to enhance operational efficiency and reliability. It will improve the overall performance of the HPPs by reducing downtime, and help operators plan for maintenance [20]. 
III. AI Techniques for Energy Optimization
Energy optimization in renewable energy systems helps to overcome the difficulties caused due to their intermittent nature. The availability of renewable sources like solar, hydro, and wind depends on the environmental and climatic conditions. For example, there will be less sunlight during cloudy and rainy days. It will affect the production of solar energy by the photovoltaic farms. Energy optimization includes: predicting the energy demand, planning for production, and combining two or more renewable energy sources to overcome the problems caused due to their intermittent nature. Analysis of historical data plays a key role in prediction and planning. AI-based models and algorithms effectively contribute to making data-driven decisions due to their ability to learn from previous data, improve their prediction capabilities, and analyze voluminous data that is beyond the reach of human calculations and conventional data processing techniques.  
i. Forecasting Renewable Energy Production
AI-based approaches use weather prediction models to predict renewable energy production. DL and LSTM networks help predict wind speeds and the power of solar radiation. AI-based models are powerful tools that analyze data related to weather changes, past energy production, and geographical locations. These models facilitate precisely predicting renewable energy outputs. DL models like CNN and Recurrent Neural Networks (RNN) have emerged as efficient tools in energy forecasting by extracting complicated features from input data. It helps to derive non-linear relationships and temporal dependencies commonly observed for the weather data and energy production procedures. Some additional techniques used in this context are SVM and Random forests. SVMs are proficient in managing high-dimensional data for scenarios with restricted training samples. Random Forests help avoid noise and overfitting. It uses ensemble learning to accumulate forecasting of multiple decision trees [21].  
One of the models available for renewable energy forecasting is the Adaptive Reflective Intelligence for Renewable Energy Forecasting (ARIREF). This conceptual model augments the accuracy and adeptness in predicting the availability of renewable energy. It integrates adaptive and self-reflective AI techniques that continuously adapt and learn from varying climatic conditions to improve performance and accuracy of prediction. The self-improvement cycle in this model uses feedback to improve algorithms. It learns from past mistakes and quickly upgrades the algorithm. Self-learning and adaptive features of this model help address the complicatedness and fluctuations observed during the prediction of renewable energies [22]. 
ML helps tackle challenges such as different types of data, the inefficiency of power-generating systems, and predictive maintenance. This intelligent approach can enhance the production of solar, wind, biomass, and biofuel energies. It enables efficient operation and maximum outputs of solar systems by improving the accuracy of predicting solar irradiance. ML algorithms can enhance power production in the wind energy sector by giving better forecasts of wind speeds. It improves the efficiency of wind turbines and attains consistent energy production. ML can improve the efficiency and sustainability of biofuel production by optimizing factors like deciding feedstock, and process parameters, and generating predictions. ML models can provide better production and operational stability in the biomass energy sector by improving thermal conversion [23]. The grid operators will be benefitted using the predictions of ML models to avoid the risks of oversupply or shortage of energy. The forecasts on energy demands, consumption patterns, and resource availability help in planning for energy production. The developing economies are reaping the benefits of ML models in renewable energies through smart grids. Moreover, ML models have helped these countries overcome the technical, economic, and policy limitations that hindered the integration of renewable energy [24]. Some AI models that predict renewable energy generation in microgrids include Artificial Neural Networks (ANN), Fuzzy Logic, and Adaptive Neuro Fuzzy Inference systems. The ANN models are more effective for predicting wind power generation while the fuzzy logic systems are preferred for predicting solar power generation in microgrids. Optimizing the consumption and integrating renewable energy sources improves the efficiency and sustainability of microgrids [25].   
ii. Smart Grid 
The increased usage of renewable energies calls for an intelligent power grid that adjusts production based on energy demands. Smart grids are one solution that can allow renewable energy integration into power grids and ensure energy efficiency and a reliable supply by providing real-time data on energy consumption and generation. They enable a flexible grid that can adapt and adjust to the intermittent nature of renewable sources [26]. 
An ML-based approach that uses Extreme Learning Machine (ELM) and Particle Swarm Optimization (PSO) can handle the uncertainty in the availability of wind and solar energies. ELM model predicts the generation of renewable energy. Accurate forecasting helps in better planning of power generation. PSO on the other hand will optimize the parameters of ELM to ensure better performance and efficiency. This model eventually decreases energy costs in smart grids due to its accurate predictions [27].  AI in smart grids plays a vital role in managing energy demands, optimizing energy storage, and controlling the grid’s stability. Support Vector Regression (SVR) and ANN can effectively predict the incidence and strength of solar radiations and forecast the performance of solar power systems. This AI-integrated approach leverages big data analytics to improve the renewable energy efficiency, reliability, and sustainability of smart grids with solar-plus-storage systems [28]. An advanced power management system for smart grids with machine learning (ApmSGML) is a technique that optimizes the storage and distribution of renewable energies. IT anticipates energy production and consumption by using predictive models. These predictions facilitate proactive adjustments to maintain equilibrium in demand and supply. It demonstrates the potential of using ML algorithms in the energy sector to achieve better efficiency and reduce costs [29]. Demand response (DR) mechanisms in smart grids are vital in energy optimization and grid stability. Intelligent DR programs can be developed using ML techniques to estimate energy demands and analyze energy usage. These AI-powered DR programs optimize energy usage concerning the conditions of the grid thereby facilitating the combination of renewable energy sources to promote a sustainable energy future. The accuracy of ML algorithms in giving accurate predictions by using historical data enables the development of tailored DR programs to match the predicted grid conditions. Good energy practice can be encouraged through these models by incentivizing consumers to adjust their energy usage during peak demand periods. AI algorithms continuously monitor grids to enable DR to adjust the incentives in real-time. This approach enhances demand response strategies, encourages consumer involvement, and supports the usage of alternative and renewable energies [30].  6G IoT, AI, and Blockchain can be integrated to improve the energy management of smart grids. ML models like decision trees, XG boost, and ANN can be deployed to predict load fluctuation in grids during peak demand periods. This helps to prevent overloading and ensure continuous power supply. Furthermore, using LSTM and RNN can help in the analysis of weather data to predict the production of solar energy. This enables better planning for energy usage. Deep Q reinforcement learning is suitable for microgrid management in buildings. This will help optimize the usage of solar energy and improve overall efficiency. A visualization dashboard can provide real-time updates and improve the accessibility of complex data to make planning easier. Blockchain ensures transparency and trust through the verification of energy readings and transactions. This combination of advanced technologies will stabilize grid operations and support the healthy adoption of renewable energies [31]. AI-based spatial analysis and resource mapping can play a key role in identifying appropriate locations for renewable power plants by considering factors like wind speed, intensity and incidence of solar radiation, and other environmental factors. Predictions of output power help to make real-time adjustments in the consumption and production while selecting a proper location for the plant can maximize power production. The AI-based approach predicts power output by considering wind speed, demand in grids, storage limits, and dynamic load optimization. Better management of renewable resources in smart grids through AI will optimize energy flow and reduce grid instability [32].   
IV. CHALLENGES OF USING AI IN RENEWABLE ENERGY SYSTEMS
Though the integration of AI has helped the growth of renewable energy systems, some challenges still exist. 
i. Data Quality and Availability
AI algorithms rely on vast data to train models and generate predictions. The predictions and analysis are generated using the data. One of the concerns is that different types of devices collect various kinds of data. Energy systems generate voluminous data from the sensors, smart meters, etc. Collecting, processing, analyzing, and transmitting vast data is difficult sometimes. However, these AI-based models fail to receive reliable data due to the poor monitoring systems. It affects the predictive models and operating efficiencies. Accuracy of data is essential for better performance of AI algorithms. Errors in the data inputs and incomplete data can result in incorrect predictions. AI algorithms need labeled data for training but obtaining accurate labels that match the real world may be challenging. The data received from various sources may not follow the same standards. Eliminating duplicate or conflict data becomes difficult while handling data of varied patterns. The data has to be converted into a suitable format before giving as input to the AI models. These problems can be avoided by using data quality tools to automate the cleaning, validation, and monitoring to facilitate a consistent flow of high-quality data, Organizations can use a dedicated team to monitor data quality and its improvement. This team can educate other employees on data quality and its management.
 
ii. Data Privacy and Security
The energy sector deals with personal information like billing details and consumption patterns. Utility companies use AI algorithms to analyze production and consumption patterns to generate alerts. Protection of data from unauthorized access and data breaches is challenging. Attackers can inject malicious data into the data set to disturb the training of models and cause wrong predictions and outcomes. This will harm organizations and their stakeholders. Some organizations avoid security measures owing to high investments but wrong predictions can harm their reputation and result in a lack of trust among consumers. Organizations must enforce data governance and security policies to ensure data integrity. Additionally, a strong relationship with the data providers and regular monitoring will lessen the risk of low-quality or inappropriate data. 
iii. High Initial Costs
One of the limitations of using renewable energies is their high initial investments. Moreover, the implementation of AI algorithms also requires high implementation costs. However, reduced carbon emissions and improvement in operational efficiencies outweigh the high costs. The organizations can conduct a thorough cost-benefit analysis to determine the long-term benefits. They can evaluate the investments in implementation, training, and other related activities to measure long-term benefits and decide whether benefits outweigh implementation costs. They should identify appropriate Key Performance Indicators (KPIs), set targets, and regularly monitor the progress to obtain maximum benefits of AI initiatives. The price of renewable energy is dropping and it will eventually reduce the fear of high initial investments. 
iv. Infrastructure Limitations
The low-quality gird infrastructure and limited storage facilities hinder the integration of AI into the renewable energy sectors. Moreover, due to the intermittent nature of renewable energies, organizations may hesitate to rely completely on these sources. Though AI is efficiently automating the predictions to foster production based on consumption patterns, more research is needed to deal with the unexpected problems that may arise during natural calamities. The grids should be updated to adapt to advanced hardware, software, storage, and processing while opting for AI. They can maximize their business value by recognizing the specialized infrastructure that is optimized for AI.  

v. Technological Experts
The world has been discussing AI and how it is transforming many sectors. However, there is a lack of professional experts in this field. The research in the renewable energy sector is still at the initial stage. It increases the shortage of experts in AI and renewable energy integration.  This limits the development of new methods to make renewable energies more affordable and acceptable. The experts are limited to big organizations in urban areas. The development of better techniques requires a workforce that will be skilled in both AI and renewable energies. Education and training for developing local expertise should be encouraged to bridge the gap between AI and the complexity of the renewable sector. It will help leverage the full potential of AI and develop inventive solutions. 
vi. Scalability
The scalability of AI algorithms is the ability to tackle increasing data, tasks, and users without affecting the performance and efficiency of the systems. AI models are dependent on data. The increases in volume and variety of data, increase the complexity and computational requirements of these models. As the usage of renewable energy grows, its data generation will continue to increase. With the rapid growth in energy requirements and the need to make more data-driven decisions to foster the availability of renewable energy, AI models will eventually become more complex and unsustainable. Moreover, the renewable technologies are less efficient than the non-renewables. For example, the efficiency of solar panels is around 15-20% which is lower than coal and natural gas. Lower efficiencies, intermittent nature, and limited storage and processing capabilities of the renewable power plants and grids complicate the scalability issues of AI models. These issues can be solved by optimizing and integrating the infrastructure to align with the system's requirements and standards. Selection and improvement of algorithms should be primarily considered to tackle the scalability issues. Its functionality and adaptability should be improved continuously to attain the desired outcomes. 
vii. Policy Gaps
Widespread adoption of renewable energy fuels can be accomplished by addressing the gaps in policy and regulatory frameworks. The present policies should be revised to make renewable technologies cheaper and more affordable. Developing economies are still struggling to switch to renewable energy despite wider availability. They rely on fossil fuels and invest highly on imports to meet energy demands. The policies formulations may be available in some countries. However, policy revisions can be discussed on global platforms to address climate change and global warming issues and attain sustainable development goals by 2030. International collaborations and partnerships should be fostered to ensure greater energy independence. Deploying AI into the renewable sector will ensure technological advancements and global transition globally. The policies formulations should be carried out at local, national, and global levels to tackle the issues of renewable energies. 
V. CONCLUSION
The reliance on fossil fuels should be reduced and renewable energy sources should be adopted to avoid the issues of climate change and global warming. Though these fossil fuels are more efficient, the health hazards caused by harmful emissions have raised concerns about using fossil fuels abundantly. Taking account of the present energy scenario in populated countries and developing economies, organizations should pay attention to reducing the utilization of fossil fuels. The data-driven approaches are helpful in anomaly detection, predicting the availability of renewable sources, and optimization for balancing demand and supply. Research should be encouraged in this sector, and sensitization should be supported to inform people about renewables' benefits. 
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