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Abstract: Extreme-weather events and storms are becoming more and more threatening to the reliability and resilience of 

power systems across the globe, leading to the massive outage, economic damages, and failure of essential services. The 

classical statistical methods used to predict outages and plan their restoration are not effective to manage non-linear 

relationships, high dimensional data, and complex spatiotemporal correlation involved in such phenomena. Machine learning, 

deep learning, and hybrid models are all forms of artificial intelligence (AI) that has become a strong alternative and can be 

used to make precise outage forecasts, risk assessment, and better restoration plans. In this review, the authors provide a 

general summary of AI-based methods of outage prediction and outage restoration planning in situations of unstable weather, 

the methodologies, datasets, feature engineering, evaluation metrics, and practical examples. The main issues that are 

discussed are data scarcity, heterogeneity, real-time deployment and limitation of generalization. Lastly, there are also 

indicated research gaps and future directions which include hybrid AI models, spatiotemporal models, resiliency-oriented 

metrics, and synthetic data generation to enhance predictive performance and operational reliability. 

 

Keywords: Artificial Intelligence, Machine Learning, Deep Learning, Outage Prediction, Restoration Planning, Extreme-

Weather Events, Power System Resilience. 

 

1. Introduction 
Severe climatic conditions like storms, hurricanes, ice storms, and floods are major problems to power systems across the 

globe[1]. The number and severity of such incidences have been witnessed to rise leading to massive breakdowns that affect 

reliability and economic stability. These events may cause outages that last a few minutes of locally disrupted power or several 

days of the power loss in a region, with many occurring at a significant cost to the economy, safety issues, and hold-ups in 

essential services. 

 

When comparing the historical records of outages, it is clear that storms are the major causes of massive power outages[2]. 

To explain, huge storms usually make tens of thousands of customers go without power at once and it can take days to restore 

power upon occurrence of these events depending on the intensity of the occurrence and the strength of infrastructural stability. 

These outages have an impact on industrial processes, health care, transportation, and communications in addition to direct 

economic losses, which underline the importance of establishing effective prediction and mitigation measures [3]. 

 

Traditional predictive techniques of outages are to a great extent based on statistical or regression analysis models [4]. 

Although the models can offer basic understanding, they cannot deal with nonlinear relationships, high-dimensional data, and 

complicated interactions among weather, infrastructure and system load. This means that forecasts may not be accurate and 

flexible, especially in the extreme weather conditions. 

 

. 

Figure 1: Global storm-related outage trends 

 

A new powerful alternative has become artificial intelligence (AI), which has proven to be better in prediction, 

classification, and restoration optimization [5]. Random Forests and Support Vector Machines (SVM) and Gradient Boosting 



Krishna Gandhi & Pankaj Verma / IJAIBDCMS, 5(2), 180-191, 2024 

 

181 

are machine learning (ML) models that can easily handle a wide range of data, whereas deep learning (DL) models like 

recurrent neural networks (RNNs) and convolutional neural networks (CNNs) are able to learn more complicated temporal and 

spatial patterns. Ensemble and hybrid models also combine the advantages of two or more algorithms, and enhance the 

robustness and reliability[6]. The AI methods have gradually been implemented in predicting outages, risk analysis, and 

restoration planning, and it has shown to be much better than the traditional ones. 

 

The present review is dedicated to AI-based approaches to the outage prediction and restoration planning during the storm and 

extreme-weather situations. The scope includes: 

 AI algorithms and models applied to outage prediction. 

 Relevant datasets, including weather, infrastructure, and historical outage data. 

 Performance metrics used to evaluate AI models. 

 Case studies illustrating practical applications and improvements achieved through AI. 

 

By analyzing the existing literature, this review provides a comprehensive overview of the state-of-the-art AI techniques, 

highlights challenges, and identifies opportunities for future research in enhancing grid resilience against extreme weather 

events. 

 

2. Storm and Extreme-Weather Impacts on Power Systems 
2.1. Types of Extreme Weather Events 

Extreme weather events include a combination of different phenomena, none of which has the same risks to power systems: 

 

2.1.1. Hurricanes and Cyclones 

The towers of transmission may be toppled by high wind speeds, distribution lines may be broken, and damages involving 

trees can be caused [7]. Substantial rainfall that comes with hurricanes usually causes floods and such floods may overpower 

substations and damage transformers. 

 

2.1.2. Ice Storms 

Deposition of ice on power lines will add weight to the line, which may lead to line sagging or breakages. The towers and 

poles may cause structural failures due to the accumulation of ice. 

 

2.1.3. Heavy Snowfall 

The collection of snow puts a strain on the lines and infrastructure. Branches covered with snows can break the lines 

leading to outages. 

 

2.1.4. Thunderstorms 

The lightning may also damage lines and transformers directly, and the wind gusts may lead to the interrupt of the line. 

 

2.1.5. Flooding 

Substations, switchyards, and underground cables can be flooded, and the failure of equipment will cause extended 

unavailability and cause failure [8]. 

 

These incidents demonstrate the corporeality of power systems elements and the necessity of predictive and preventive 

measures. 

 

2.2. Outage Patterns and Historical Trends 

2.2.1. Temporal Patterns 

During the event, the outages usually reach their peak and also they can take many hours or even days to restore. There is 

also seasonality wherein some months are more susceptible to certain weather conditions. 

 

2.2.2. Spatial Patterns 

The outages notoriously concentrate in areas where exposure to the extreme weather is high like coastal areas when it 

comes to hurricanes or in the north where in case of ice storms [9]. 

 

2.2.3. Cascading Failures 

Failure of equipment at the beginning can spread all over the network triggering mass failures in other places besides the 

directly hit region. 

 

The record of past utilities indicates that storms impact of the most significant results of large-scale interruptions, 

impacting hundreds of thousands of customers simultaneously. Planning the restoration process is essential to reduce the 

effects on social and economic levels. 
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Table 1: Summary of Major Storm Events and Associated Outages 

Event Region Customers Affected Restoration Time (hrs) 

Hurricane A Southeast US 500,000 48 

Ice Storm B Northeast US 300,000 36 

Flood C Central Europe 200,000 24 

Thunderstorm D Midwest US 150,000 12 

Hurricane E Gulf Coast 600,000 72 

Snowstorm F Northern US 250,000 30 

 

2.3. Vulnerability Assessment 

2.3.1. Transmission Lines and Towers 

Very vulnerable to the wind, ice and falling trees. High-voltage lines may be damaged which can cause large scale outages 

[10]. 

 

2.3.2. Distribution Networks 

In the city and countryside, the lower-voltage lines are susceptible to the local hazards such as wind, ice, and lightning. 

 

2.3.3. Substations and Transformers  

Substations can be directly impaired by flooding and lightning and result in long outages. 

 

2.3.4. Critical Infrastructure 

Some nodes and feeders have been determined as being very important in system reliability [11]. It is noted that system 

resilience may be improved by reinforcing these key components, vegetation management and protection. 

 

Vulnerability tests, along with historical outage information, give the basis to developing AI prediction and recovery in 

place of strategies. 

 

3. AI Techniques for Outage Prediction 
Extreme-weather events are exposing power systems to risks that are becoming more frequent and have the potential to be 

very devastating economically and socially [12]. The correct forecasting of such outages is important to proactive 

maintenance, crew dispatching and resource allocation. Conventional statistical models can be constrained in their ability to 

deal with nonlinear relationships, high-dimensional data and complex spatiotemporal dependencies of storm related outages. 

 

Machine learning (ML) and deep learning methods of artificial intelligence (AI) have become strong tools to predict 

outages [13]. Such techniques may train the patterns based on the data of outages in the history, weather predictions, a 

topology of the grid, and environmental conditions and allow any utility to predict disruption and organize the restoration 

process. Hybrid and ensemble models also build strength beyond that of several algorithms, providing greater accuracy and 

resilience. 

 

The next sections will present the overview of the AI outage prediction methods in detail, starting with machine learning, 

then with deep learning, hybrid methods, and metrics of evaluation. 

 

3.1. Machine learning techniques 

The machine learning strategies are based on the past data and designed features to forecast the outages or the restoration 

requirement. Such models are applicable to manage structured data whose relationships between inputs and outputs are known. 

 

3.1.1. Supervised Learning 

Regression and classification Supervised learning methods are commonly used to perform outage prediction [14]: 

 Regression: Predicts numerical values such as the number of expected outages or restoration duration. 

 Classification: Makes predictions of categorical values, i. e. whether an outage will take place at a particular location. 

 

Some of the well-recognized supervised algorithms are the Random Forests, Support Vector Machines (SVM) and 

Gradient Boosting that have shown good performance. 
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Figure 2: Workflow of ML-based outage prediction. 

 

3.1.2. Unsupervised Learning 

Unsupervised learning is used to discover hidden patterns in outage data without labeled outcomes. Clustering techniques, 

such as K-means, can identify high-risk areas or common damage patterns across the grid[15]. These insights inform proactive 

planning, such as prioritizing inspections or strengthening vulnerable components. 

 

3.1.3. Feature Engineering 

Careful selection and transformation of input features is critical for model performance. Important features for outage 

prediction include: 

 Weather-related: Wind speed, rainfall, snowfall intensity 

 Grid-related: Line type, voltage, age of equipment, network topology 

 Environmental: Tree density, vegetation proximity to lines 

 

Combining weather forecasts with grid and historical outage data enhances model predictive power, reduces errors, and 

improves generalization. 

 

3.2. Deep Learning Approaches 

Deep learning networks automatically extract high-order temporal and spatial patterns, which can give better predictive 

performance on outage forecasting. 

 

3.2.1. Recurrent Neural Networks (RNN) and LSTM. 

RNNs and Long Short-Term Memory (LSTM) networks are structures that are developed to find sequential dependencies 

in data. They are used in outage prediction to model time trends, including the path of a storm and how it is going to affect 

restoration times. These models have been found to be useful in terms of predicting the duration of a multi-hour and multi-day 

outage more accurately. 

 

3.2.2. Graph Neural Networks (GNN) 

GNNs represent the graph positioning the power grid as a graph where nodes stand on the positions of substations or 

transformers and the edges depict transmission lines. The information disseminated by GNNs over the network can forecast 

possible edge failures or node failures, providing a spatially-constrained way of predicting outage. Research indicates that they 

are effective in storm prone areas. 

 

3.2.3. Convolutional Neural Networks (CNN) 

CNNs are used in spatial data analysis (satellite images, topography, and land cover maps), to determine the regions that 

will be prone to outages. These models are aimed at extracting spatial features, which are correlated with infrastructure 

vulnerability [16]. 
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Figure 3: CNN workflow for spatial data to outage prediction. 

 

3.3. Ensemble and Hybrid AI Models 

Ensemble and hybrid models are models which integrate a combination of several AI methods to enhance prediction 

accuracy and strength. As an example, a hybrid of a Random Forest + LSTM would use the temporal pattern recognition as 

offered by the LSTM and feature importance analysis as offered by the Random Forest to give more precise forecasts of 

outages [17]. This hybrid method is especially useful in the case of complex and multi-source data. 

 

3.3.1. Evaluation Metrics 

AI models are evaluated using standard metrics: 

 Accuracy: fraction of correctly predicted outcomes 

 Root Mean Squared Error (RMSE): measures prediction error magnitude 

 Mean Absolute Error (MAE) : average magnitude of errors 

 Precision, Recall, F1-score : classification performance indicators 

 

Comparative studies indicate significant performance variations across models, with hybrid approaches generally 

achieving superior predictive accuracy. 

 

Table 2: Comparative performance of AI models for outage prediction 

Model Dataset Metric Performance 

Random Forest Utility X Accuracy 0.85 

SVM Utility X Accuracy 0.82 

Gradient Boosting Utility Y RMSE 12.5 

LSTM Utility Z MAE 8.7 

Random Forest + LSTM Utility Z Accuracy 0.89 

 

4. Artificial Intelligence-Improved Restoration Planning. 
Effective restoration planning is needed to reduce the time and the consequences of storm-induced power outage and other 

extreme weather events [18]. Delays in outages are not only inconvenient to the critical services, but cause considerable losses 

to the economy. The conventional approaches to restoration planning may be based on the fixed scheduling, handover 

prioritization, and experience, which are time-consuming and inefficient in cases of extensive damage. By contrast, AI-driven 

solutions offer dynamic and data-driven solutions to the optimal resource management, crew allocation, and routing, enhancing 

the speed and efficiency of restoration works to a considerable degree. 

 

4.1. Restoration Strategies 

Restoration strategies focus on three key components: 

 

4.1.1. Crew Dispatch 

Deciding on repair crews to be deployed to each place so that maximum efficiency is achieved and minimum downtimes 

are reduced [19]. The AI-based approach can dynamically assign crews depending on an estimation of the outage severity, 

accessibility, and availability of resources. 

 

4.1.2. Resource Allocation 

When there is a scarcity of resources like vehicles, equipment, and spare parts, the allocation is made to areas with the 

greatest priority. It brings about AI optimization to make sure that critical infrastructure is attended to first and to cut redundant 

deployments. 
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4.1.3. Routing Optimization 

Determining the best routes to support the repair teams to reduce the response time. AI algorithms are used to evaluate 

circumstances in traffic, accessibility of the road, and the location of damages to decrease delays during the restoration process. 

 

Conventional methods of restoration are usually based on either fixed rules or experience, which can fail in dynamically 

changing circumstances when faced with extreme events. In comparison, the AI-optimized methods combine the predictor 

models with real-time information and optimization algorithms to make adaptive decisions to increase efficiency and 

reliability. 

 

4.2. Optimization Techniques 

4.2.1. Heuristic and Metaheuristic Approaches 

Heuristic and metaheuristic algorithms have been widely applied in outage restoration to solve complex scheduling and routing 

problems: 

 Genetic Algorithms (GA): These are simulated by overturning the process of natural evolution through successive 

refinement of restoration schedules[20]. The resultant is that GA will be able to find the allocation of crews that is 

nearest optimal and focus on the most essential repairs and reduce the total time spent on restoring the aircraft. 

 Particle Swarm Optimization (PSO): PSO involves a group of candidate solutions which move across the solution 

space depending on the individual and group experiences. The strategy is effective in maximizing resource 

distribution and routing in dynamically planned environments. 

 

The algorithms are especially useful in large networks, where search, especially exhaustive search, is impractical, and 

utilities are able to produce viable restoration schedules in a short time. 

 

4.2.2. AI-Driven Decision Support 

Relying on predictive analytics and optimisation, AI-driven decision support systems can help in offering dynamic 

restoration planning. Such methods as Reinforcement Learning (RL) allow models to acquire the best restoration strategies 

through simulating different scenarios and feedback loops. The RL agents are able to give priority to actions, adapt to changing 

conditions and enhance performance through the passage of time. 

 

Research indicates that AI-based restoration minimizes downtime, helps to optimize the use of crews and offers practical 

recommendations to make decisions in real-time. These systems may combine weather predictions, grid topography, and 

historical outage information to predict the high risk regions and proactively base resources. Probably, the most significant use 

of AI-based decision support tools is in large-scale events when timely, coherent actions can be of utmost importance. 

 

4.3. Integration with Outage Prediction 

Effective restoration planning depends heavily on accurate outage prediction. The integration of AI-based prediction with 

restoration planning follows a structured workflow: 

 

4.3.1. Prediction 

AI models predict the probable outages, according to the weather conditions, past outage history and grid topology. 

 

4.3.2. Priorities  

Predicted outage data are used to prioritize areas which are critical and high-impact customers so that utilities can allocate 

resources in areas where they are most required. 

 

4.3.3. Optimization 

Dynamically, the resources and restoration crews are assigned and directed according to projected outages and rankings 

based on priority. 
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Figure 4: AI-driven integrated outage prediction and restoration workflow. 

 

4.4. Case Studies 

Several utilities have successfully implemented AI-assisted restoration planning, yielding measurable improvements in 

restoration efficiency. Examples include: 

 

4.4.1. Hurricane Response  

The hybrid AI models that were applied in the Gulf Coast region included the predictive outage analysis and GA 

optimization used in crew dispatch [21]. The restoration period was much shorter than the conventional. 

 

4.4.2. Ice Storm Management 

Routing crews with LSTM-based prediction models and PSO were used by the Northeastern US utilities. It was possible 

to deploy the resources proactively, which means that the high-priority customers would recover faster. 

 

4.4.3. Flood Recovery 

In European utilities, RL-based decision support systems were integrated to simulate the restoration situation, enhancing 

the use of crews and minimizing the downtime. 

 

The comparisons of AI-aided and human-only systems show that AI strategies are more efficient. The use of AI will help 

minimize the total time spent on the restoration process, the restoration of more customers per hour, and the synchronization of 

the work of various crews. 

 

Table 3: Case studies summary – Event, Region, AI model used, Improvement in restoration time 

Event Region AI Model Used Improvement in Restoration Time 

Hurricane X Gulf Coast US Random Forest + GA 20% 

Ice Storm Y Northeast US LSTM + PSO 18% 

Flood Z Central Europe RNN + Reinforcement Learning 22% 

Thunderstorm A Midwest US CNN + Genetic Algorithm 15% 

 

The application of AI-assisted restoration planning conveys the homogeneous ability of the incorporation of predictive 

modeling, optimization algorithms, and real-time decision support. Using outage prediction coupled with dynamic resource 

allocation can help utilities to minimize downtime, serve more important customers, and become more resilient to extreme 

weather events. According to research, the hybrid forms of AI using the combination of ML, DL, and optimization algorithms 

have been shown to be more effective than the traditional ones, which provide a solid basis to the further implementation and 

further development of smart grid management. 

 

5. Data Sources and Challenges 

AI-based outage prediction and outage restoration planning have their basis on data. High-quality, high-resolution, and 

diverse data sets can allow models to take into account the interplay of extreme-weather events, grid infrastructure, and 

customer demand and make them complex. Nonetheless, the nonhomogenous character of such datasets, as well as the absence 

of information or discrepancies, is extremely challenging. In this section, we show a summary of the key data sources, related 

issues, and the preprocessing policies in AI-based outage management that may be based on cloud-based storage and 

processing systems. It is important that these data sources are dealt with and managed in a secure way and according to the 

policy, particularly when sensitive operational data from utilities are involved [22]. 
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5.1. Data Sources 

Outage prediction and restoration AI models are based on various data, such as weather, utility, and geographic data. 

 

5.1.1. Weather Data 

Weather information is very important in forecasting disruptions by storms, hurricanes, ice and flooding events. Common 

sources include: 

 NOAA (National Oceanic and Atmospheric Administration): Presents historical and real time weather data such as 

the speed of the wind, rainfall, temperature and the tracks of the storm [23]. 

 ECMWF (European Centre of Medium-range Weather Forecasts): It provides long-range weather predictions and 

reanalysis information, which is useful in long-term planning and modeling of extreme events. 

 Local Forecasts: Regional weather agencies offer more detailed weather forecasts, which is necessary in the case of 

local distribution networks effects. 

 

Temporal sequences (hourly or daily measurements) and spatial data (usually found in weather datasets) are typically 

important to both temporal models (such as LSTM) and spatial models (such as CNN or GNN). 

 

5.1.2. Utility Data 

Utility data provides the historical and operational context required for accurate outage prediction: 

 Historical Outages: The supervised learning models are built upon records of the previous outages, such as the time 

when the outage started and ended, the areas of impact, time of restoration, and causes. 

 SCADA (Supervisory Control and Data Acquisition): Provides real time readings of sensors located in substations, 

transformers and transmission lines like voltages, currents and breaker position [24]. 

 AMI (Advanced Metering Infrastructure): The smart meters provide the high-resolution consumption data, which can 

be utilized to identify the outages and load patterns at a detailed level. 

 

Such datasets can enable artificial intelligence models to associate environmental factors and outage incidents and 

determine how the grid functions under severe-weather conditions. 

 

5.1.3. Geographic Data 

Geospatial information allows simulating physical susceptibility and exposure to extreme weather: 

 DEM (Digital Elevation Models): Elevation information helps in the flood risk evaluation and also the areas that are 

likely to hold water. 

 Land Cover Maps: Show the type of vegetation, urban development, and topography, which determines the risk of 

outage. 

 Vegetation Maps: Plants and thick vegetation around power lines enhance the chances of damage during storms and 

hence vegetation mapping is important in predictive modelling. 

 

When these datasets are incorporated, AI models can take into consideration spatial dependencies, and environmental 

hazards, which enhances the precision of outage forecasts. 

 

5.2. Data Challenges 

Although a wide range of datasets are available, there are a number of issues to overcome prior to the use of AI models: 

 

5.2.1. Limited Historical Storm Data 

A missing and inconsistent data point occurs when the outcome of the regression does not produce the expected results for 

a particular data set. 

 

Historical records of outage and weather data have frequent gaps as sensors fail, records are irregularly reported, or an 

incomplete archive. Little air leaves bias and decreases the validity of any model unless they are handled using imputation or 

data cleaning. 

 

5.2.2. Scanty Historically Past Storm Data. 

Extreme events are not frequent per se, and historical evidence might be inadequate toward encouraging a sound 

predictive model. Small samples pose challenges in modelling the high impact and low frequency events. 

 

5.2.3. Heterogeneous Data Fusion 

The sources of data usually possess varying temporal resolution, format and coverage. An example of this is weather 

information that can be hourly whereas outage information can be event-based. The integration of these varied datasets needs 

to be done with caution upon alignment, interpolation, and transformation in order to generate a uniform input to AI models. 
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5.2.4. Synthetic Data Generation 

In order to eliminate data scarcity, the literature investigated synthetic data generation methods. Taking the example of 

storm effects, simulations or probabilistic models can generate synthetic data of outages in order to complement historical data. 

Such strategies enhance model training and generalization, particularly of rare high impact events. 

 

5.3. Feature Selection and Preprocessing 

To be effective AI modeling must be able to select features and preprocess to make sure that the inputs are informative and 

consistent: 

 

5.3.1. Normalization and Scaling 

The range of continuous variables like wind speed, rainfall or voltage level usually vary. Normalization or standardization 

makes sure that features affect model learning in proportion hence avoiding bias in big-range variables 

 

5.3.2. Encoding Categorical Features 

Numerous utility and environmental datasets contain categorical variables e.g. line type, storm category or terrain 

classification. They are usually coded that allows the use of one-hot encoding, label encoding, or embedding methods to allow 

use in ML and DL models. 

 

5.3.3. Dimensionality Reduction 

The datasets that are high-dimensional are prone to redundant or irrelevant features, particularly when combining several 

sources. Principal Component Analysis (PCA) or feature importance ranking dimensionality reduction methods can be used to 

reduce the complexity of the model, make it easier to train, and predict more effectively. 

 

5.3.4. Feature Engineering for AI Models 

Feature engineering remains crucial, particularly when combining multiple data types. Examples include: 

 Calculating cumulative rainfall over a storm period 

 Deriving vegetation density metrics near transmission lines 

 Computing historical outage frequency per feeder 

 Generating interaction terms between weather and infrastructure features 

 

All these engineered features enhance the capability of the model to capture complicated relationships and increase 

regression along with classification performance. 

 

The basis of AI-based outage prediction and outage restoration planning lies in the capability to integrate and preprocess 

accurate data to make predictions and planning. Although studies have shown substantial progress has been made with the 

application of NOAA, ECMWF, SCADA, AMI and geographic data there are still issues to deal with missing data, 

heterogeneous data and small samples of extreme events. Synthetic data generation, feature engineering, and dimensionality 

reduction have all been shown to be effective in enhancing model reliability as the foundation of analytics-driven power 

systems that are more robust. 

 

6. Limitations, Gaps, and Future Research  
Outage prediction and recovery planning with the help of AI have demonstrated high potential in improving the capability 

of power systems to withstand extreme-weather. Although massive advances have been shown in the studies, there are still a 

number of limitations and unanswered research gaps, which must be filled in order to enhance a practical implementation and 

effectiveness. This part addresses the existing constraints, points out gaps in the research, and gives suggestions regarding the 

areas of research in future. 

 

6.1. Current Limitations 

Although AI methods have improved predictive performance and restoration efficiency, there are a number of limitations 

preventing their broader implementation and integration in operations. 

 

6.1.1. Generalization of Models 

The generalization of AI models to other areas and storm events is one of the key weaknesses. In the majority of studies, 

the geographic area is localized, and the locally applicable weather data, grid data, and outage data are used. A model 

developed on a region or type of storm might not be functional in another region having different infrastructure, climatic 

conditions, or vegetation features. An example of this is a model that has been trained on hurricane-prone coastal regions will 

have difficulties predicting an outage in areas with ice storms or heavy snow in northern areas. 

 

Moreover, temporal variations in infrastructure, urbanization and vegetation cover will worsen model performance over 

time. In the absence of a constant refinement or a self-initiated learning system, models can fail to make the correct predictions 
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on future outages. The latter limitation reinforces the importance of flexible transferable AI models, which can be adjusted to 

different environmental and grid scenarios. 

 

6.1.2. Lack of challenges in real-time deployment difficulties. 

The issue of real-time deployment of AI models to predict operational outages and plan the restoration is another 

challenge. High-resolution data, including AMI data, SCADA streams, and satellite images may be computationally heavy to 

compute on the real-time scale. Also, the combination of predictions and utility operation systems demands high-quality 

communication standards and decision-support systems. 

 

The efficiency of the real-time AI applications can be decreased by operational constraints, including delays in 

communications, incomplete data feeds, and insufficient computational resources. Experimental models can be discussed as 

highly demanded by utilities because they need fast interpretable results and accuracy and efficiency of computation. All these 

obstacles are still significant barriers to the widespread implementation of AI-driven restoration plans. 

 

6.2. Research Gaps 

Regardless of the significant improvements, there are still a number of gaps in the research on the topic of AI-based 

outage management. 

 

6.2.1. Lack of High-Resolution, Multi-Source Datasets 

High-quality and multi-source datasets are not readily available. The individual data of NOAA, ECMWF, SCADA, and 

AMI are the main sources of studies, and they are not always complete, inconsistent, and of different resolutions. There are a 

few spatially-dense datasets of small scale infrastructure and environmental information, and its hard to model small scale 

effects accurately. 

 

Furthermore, high-impact, low-frequency event data are not very abundant, thus affecting model strength. Extremes like 

category 5 hurricanes or unprecedented floods are not frequent phenomena and it may not be enough to study the past to train 

AI models that are able to predict such rare but extreme phenomena. 

 

6.2.2. Interoperation with Utility Operation Systems. 

The majority of AI studies are devoted to determining the correctness of predictions and the optimal restorability of the 

controlled setting or simulation. Integration with existing utility operational systems (SCADA or distribution management 

systems) is however a major gap. The solution to this gap lies in the creation of standardized interfaces, real-time data 

pipelines, and decision support tools that are able to make smooth integrations between AI predictions and human expertise. 

 

Also, AI models require making interpretable outputs to facilitate operational decision-making. Black-box models can 

provide successful predictions and be hard to rely on or be hard to act upon by the operator particularly when there is an 

emergency. 

 

6.3. Recommendations for Future Research 

To further the state of AI-based outage prediction and outage restoration planning the following research directions are 

suggested: 

 

6.3.1. Improved Spatiotemporal Models 

The future study ought to involve models that are appropriate in capturing both space- and time-based relationships of 

outage occurrences. Spatio-temporal LSTM architectures and Graph Neural Networks (GNNs) provide promising directions, 

but these need additional advancements to work with large grids with complicated topologies and different environmental 

exposures. Predictability can be improved with high-resolution geospatial data coupled with the weather predictions, and 

metadata of the infrastructure. 

 

6.3.2. Hybrid AI Models 

Hybrid AIs that involve prediction, optimization and human-in-the-loop-based decision-making are suggested. These 

models have the potential to capitalize on the power of machine learning, deep learning, and metaheuristic optimization and 

integrate operator knowledge to manage edge cases or other unforeseen situations. These systems are able to dynamically 

allocate the resources, balance a variety of goals, and enhance reliability in uncertain situations. 

 

6.3.3. Resilience Metrics Emphasis off of restoration time. 

The restoration performance is mostly measured using duration of restoration or outage frequency. Further studies are needed 

that would include more measures of resilience, such as: 

 Service continuity for critical loads: Ensuring that hospitals, emergency and industrial facilities do not have to shut 

down. 



Krishna Gandhi & Pankaj Verma / IJAIBDCMS, 5(2), 180-191, 2024 

 

190 

 System robustness: Capacity to survive cascading failures and isolate failures. 

 Adaptive capacity of recovery: Plasticity in resource redistribution in dynamic events. 

 

Incorporating these resilience-focused metrics can guide AI models toward solutions that improve overall system stability 

and customer reliability, rather than solely minimizing restoration times. 

 

6.3.4. Synthetic Data and Scenario Generation 

Due to a lack of high-impact event data, future studies ought to expand the synthetic data generation and scenario 

simulation. Training AI models on a more diverse range of scenarios can enhance generalization and readiness to rare events 

since modeling potential extreme-weather events and their effect on grid infrastructure can be used to train AI models. 

 

Artificial intelligence prediction of outages and restoration strategy has enormous possibilities of enhancing grid 

resiliency. Nonetheless, studies present the necessity to overcome the generalization restrictions, real time deployment issues, 

and interoperability with the operational systems. Future studies can create AI frameworks that are accurate and operationally 

viable by paying attention to high-resolution datasets, spatiotemporal modeling, hybrid strategies, and more comprehensive 

measures of resiliency, which will enable utilities to have powerful tools that would allow them to counter the effects of 

extreme-weather events. 

 

7. Conclusion 
Prediction of outages and recovery planning based on AI proved to have a great potential to change the response of power 

systems to storms and extreme weather. Machine learning, deep learning, and hybrid methods enable the utilities to predict the 

outages more precisely, prioritize the resources efficiently, and optimize the restoration strategies, which leads to a decrease of 

downtime and elimination of the negative economic and societal effects. Research has demonstrated that AI models (Random 

Forests, LSTM networks, CNNs, and GNNs) perform better than traditional statistical and heuristic models due to their ability 

to capture nonlinear, high-dimensional, and spatiotemporal dependencies found in outages related to extreme weather. The 

hybrid and ensemble models also enhance the predictive robustness, through the ability to combine the strengths of various 

algorithms, which enhances reliable prediction in dynamic and multifaceted operational conditions. 

 

Although such developments have been made, there are other weaknesses that limit practical implementation. The 

extrapolation of AI models to other regions, storm types, and grid infrastructures is a problem to date since models trained in 

one area might not be useful in other areas. Computational demands and incompleteness of data streams in real-time and 

integration problems with existing utility operation systems impede real-time implementation. Besides, missing historical data 

and extremes that are infrequent also impose limitations in data used to train the model and the reliability of the model. 

 

The limitation of the study should be overcome in future studies by creating better spatiotemporal models that will be able 

to work with the large and complex networks and be able to capture both the time development and the spatial relationship of 

outages. Adaptive and resilient restoration planning requires hybrid AI systems that integrate prediction, optimization, and 

human-in-the-loop decision-making. As well, the emphasis should not be limited to conventional measures of restoration time 

and include more global measures of resilience, including system robustness, critical services continuity, and adaptive recovery 

ability. Synthetic data generation and scenario simulation provide the chance to address data scarcity and allow models to 

predict rare and high-impact events and better generalization across a variety of conditions. 

 

Through the combination of predictive AI models and optimization algorithms with real-time decision support systems, 

utilities can actively plan the outages, responsively distribute crews and resources, and enhance the level of coordination 

during large-scale events. These artificial intelligence-based approaches will increase the efficiency of operations, decrease the 

costs incurred in the economy, and secure the survival of essential services, which will eventually make the energy grid more 

resilient and trustworthy. Research will give a strong starting point and further innovation and overall assessment of AI 

algorithms will be required to achieve the full advantages of intelligent and data-driven outage prediction and restoration 

planning. 

 

To conclude, AI-based solutions are a power system resilience paradigm change. With the resolution of existing 

shortcomings and the focused studies in the domain of spatiotemporal modeling, hybrid frameworks, resilience measurements, 

and synthetic data generation, the next-generation systems will be able to provide proactive, adaptive, and robust response to 

power outages under the conditions of more frequent and intense extreme-weather events. Such AI-based solutions will be key 

to the idea of sustainable, reliable, and resilient power supply in the midst of increased climate-related issues. 

 

References 
1. A. C. R. Gonçalves et al., ―Extreme weather events on energy systems: A comprehensive review on impacts, mitigation, 

and adaptation measures,‖ Sustainable Energy Research, vol. 11, no. 1, p. 4, 2024. 



Krishna Gandhi & Pankaj Verma / IJAIBDCMS, 5(2), 180-191, 2024 

 

191 

2. C. Klinger, O. Landeg, and V. Murray, ―Power outages, extreme events and health: A systematic review of the literature 

from 2011–2012,‖ PLoS Currents, vol. 6, 2014. 

3. R. J. Campbell and S. Lowry, Weather-Related Power Outages and Electric System Resiliency. Washington, DC, USA: 

Congressional Research Service, Library of Congress, 2012. 

4. R. Nateghi, S. D. Guikema, and S. M. Quiring, ―Comparison and validation of statistical methods for predicting power 

outage durations in the event of hurricanes,‖ Risk Analysis, vol. 31, no. 12, pp. 1897–1906, 2011. 

5. H. A. Habeeb et al., ―Design optimization method based on artificial intelligence (hybrid method) for repair and 

restoration using additive manufacturing technology,‖ Metals, vol. 13, no. 3, p. 490, 2023. 

6. M. Galar et al., ―A review on ensembles for the class imbalance problem: Bagging-, boosting-, and hybrid-based 

approaches,‖ IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews), vol. 42, no. 4, pp. 

463–484, 2011. 

7. G. Hou and K. K. Muraleetharan, ―Modeling the resilience of power distribution systems subjected to extreme winds 

considering tree failures: An integrated framework,‖ International Journal of Disaster Risk Science, vol. 14, no. 2, pp. 

194–208, 2023. 

8. T. Krieg, ―Substations,‖ in Springer Handbook of Power Systems. Singapore: Springer, 2019, pp. 867–934. 

9. H. Bang, L. Miles, and R. Gordon, ―Hurricane occurrence and seasonal activity: An analysis of the 2017 Atlantic 

hurricane season,‖ American Journal of Climate Change, vol. 8, no. 4, pp. 454–481, 2019. 

10. J. W. Mitchell, ―Power line failures and catastrophic wildfires under extreme weather conditions,‖ Engineering Failure 

Analysis, vol. 35, pp. 726–735, 2013. 

11. F. C. L. Trindade, W. Freitas, and J. C. M. Vieira, ―Fault location in distribution systems based on smart feeder meters,‖ 

IEEE Transactions on Power Delivery, vol. 29, no. 1, pp. 251–260, 2014. 

12. M. Panteli and P. Mancarella, ―Influence of extreme weather and climate change on the resilience of power systems: 

Impacts and possible mitigation strategies,‖ Electric Power Systems Research, vol. 127, pp. 259–270, 2015. 

13. M. Rizvi, ―Leveraging deep learning algorithms for predicting power outages and detecting faults: A review,‖ Advances 

in Research, vol. 24, no. 5, pp. 80–88, 2023. 

14. M. Dong, ―Combining unsupervised and supervised learning for asset class failure prediction in power systems,‖ IEEE 

Transactions on Power Systems, vol. 34, no. 6, pp. 5033–5043, 2019. 

15. C. Zheng et al., ―A novel integrated urban flood risk assessment approach coupling GeoDetector–DEMATEL and 

clustering method,‖ Journal of Environmental Management, vol. 354, p. 120308, 2024. 

16. K. Hoganson and J. Sexton, Eds., The Cambridge History of America and the World. Cambridge, U.K.: Cambridge 

University Press, 2022. 

17. K. Olcay, S. G. Tunca, and M. A. Özgür, ―Forecasting and performance analysis of energy production in solar power 

plants using long short-term memory (LSTM) and random forest models,‖ IEEE Access, 2024. 

18. B. Kar et al., RePOWERD: Restoration of Power Outage From Wide-Area Severe Weather Disruptions, ORNL/TM-

2022/2621. Oak Ridge, TN, USA: Oak Ridge National Laboratory, 2022. 

19. G. Sullivan et al., Operations & Maintenance Best Practices—A Guide to Achieving Operational Efficiency, Release 3, 

PNNL-19634. Richland, WA, USA: Pacific Northwest National Laboratory, 2010. 

20. D. Moreno-Mateos et al., ―The long-term restoration of ecosystem complexity,‖ Nature Ecology & Evolution, vol. 4, no. 

5, pp. 676–685, 2020. 

21. Abido, M. A. (2002). Optimal power flow using particle swarm optimization. International Journal of Electrical Power & 

Energy Systems, 24(7), 563–571. https://doi.org/10.1016/S0142-0615(01)00067-9 

22. F. Ahmed, ―Cloud security posture management (CSPM): Automating security policy enforcement in cloud 

environments,‖ ESP International Journal of Advancements in Computational Technology, vol. 1, no. 3, 2023. 

23. E. Hawkins et al., ―Rescuing historical weather observations improves quantification of severe windstorm risks,‖ Natural 

Hazards and Earth System Sciences, vol. 23, no. 4, pp. 1465–1482, 2023. 

24. D. Tzelepis et al., ―Voltage and current measuring technologies for high voltage direct current supergrids: A technology 

review identifying the options for protection, fault location and automation applications,‖ IEEE Access, vol. 8, pp. 

203398–203428, 2020. 

25. Naeem, M. F., Hashmi, K., Rahman Kashif, S. A., Mansoor Khan, M., Alghaythi, M. L., Aymen, F., … AboRas, K. M. 

(2022). A novel method for life estimation of power transformers using fuzzy logic systems: An intelligent predictive 

maintenance approach. Frontiers in Energy Research, 10, Article 977665. https://doi.org/10.3389/fenrg.2022.977665 

26. K. Gandhi and P. Verma, ―Wind and solar power generation forecasting using hybrid deep-learning models,‖ Amer. J. 

Comput. Eng., vol. 5, no. 2, pp. 50–69, 2022. 

27. S. H. Elinjulliparambil, ―Robust object detection under extreme weather using physics-aware deep learning,‖ Amer. Int. J. 

Comput. Sci. Technol., vol. 6, no. 2, pp. 22–33, 2024. 

https://doi.org/10.1016/S0142-0615(01)00067-9
https://doi.org/10.3389/fenrg.2022.977665

