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ABSTRACT

There is an increasing need for intelligent, adaptive and resilient control strategies under the new paradigm of modern
power systems decentralization, sustainability and digitalization. Simple rules and static optimization of traditional,
centralized models are not sufficient to manage growing amounts of renewable energy sources (RES), distributed energy
resources (DERs) and bi directional energy flows. To this challenge, the application of Artificial Intelligence (AI) and
advanced optimization techniques have been used as powerful tools for increasing the level of real time monitoring, fault
detection, energy forecasting and system stability. In this review, we synthesize the application of this range of Al-driven
models (machine learning, deep learning, reinforcement learning and hybrids) to key power system functions. For
example, fault detection speeds of under 5 ms with 98.5% accuracy have been demonstrated, using wavelet transform
integrated with support vector machines, for multi terminal DC (MTDC) grids. Applying artificial neural networks (ANNs),
the classification accuracy was 97.8% and localization error was below 5%. CNNs, using deep learning based on CNNs also
went beyond 99% accuracy in the fault diagnosis of underground cables. Recurrent neural networks (RNNs) and long
short term memory (LSTM) models improved the shortterm load forecasting accuracy up to 15% and ANN-PSO algorithms
improved the V2G scheduling with minimum battery wear and peak shaving. The paper also recognizes critical research
gaps (e.g., explainability, data privacy, edge deployment, cybersecurity) that need to be addressed for robust and impactful
deployment of ML. Integrating these intelligent systems into power networks allows utilities to move closer to that of
resilient, efficient and sustainable energy infrastructures. With this review, researchers and engineers can have a basis to
lead future developments in smart grid intelligence and energy optimization.

Keywords: Smart Grids, Artificial Intelligence, Fault Detection, Optimization, Renewable Energy, Energy Management,
Machine Learning, Deep Learning, V2G, Load Forecasting.

Because of the move to sustainable and resilient energy systems, designing, operating and managing today’s power
networks has faced various new difficulties and benefits. Conventional energy systems which worked by a single plan and
at a central place, are now moving towards being complex, digital and more flexible smart grids. They have significant
shares of RES, involve power generation that is far from centralized, two-way energy flow and a high use of EVs and data
technology. Because of their importance, Al and optimization techniques help these systems better manage control, run
efficiently and adapt, depend on and give back to the environment.

1.1 Background: The Evolution of Power SystemsHistorically, power was generated at few central locations and moved
only one way to users who consumed it. Most systems used rules to manage power which gave predictable results under
regular load conditions. There has been a rise in demand for clean energy and reducing carbon in the energy segment, so
solar PV, wind turbines and small-scale hydroelectric energy are now being integrated. Now, the grid works as an
interactive system, linking several stakeholders, solar and wind generators, storage systems and any entities that create
energy. On the technical side, complex sensors, devices using the Internet of Things (10T), advanced meters (AMI) and new
communication methods have brought us the Smart Grid which can monitor itself, collect data and make its own decisions.
But these developments bring serious problems to the management of the grid, mostly related to stability, coordination,
security and efficiency. Handling the unpredictable and erratic qualities of modern power systems now depends on Al and
optimization tools..

2. Al Applications in Power System Monitoring and Fault Detection
Previously, electricity flowed from central power plants down to consumers along a one directional process. Most control

systems, working under continuous load, operated according to set rules to direct actions. Now, however, people want
clean energy and want to reduce the carbon footprint of the energy industry and so more solar PV, wind turbines and
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small hydroelectric systems are being added. So the grid is much more interactive now with many stakeholders,
distributed generators, energy storage systems and prosumers among others. Sensors, [oT devices, advanced metering
infrastructure (AMI) and communication protocols have proliferated over the years and birthed the Smart Grid which
makes itself aware of what’s going on and makes decisions itself based on the data it collects. Although these changes bring
major challenges for the administration of the grid, for stability, coordination, security and efficiency at the same time. The
behavior of present day power systems is complex, uncertain and inconsistent, thus use of Al and optimization models is
the call of the day.

2.1 Al-Based Fault Detection Techniques

Let’s delve into specific Al models and how they are applied in fault detection across different systems, including MTDC,
overhead/underground lines, and smart substations.

2.1.1 Wavelet Transform & Machine Learning for MTDC Fault Detection

Sabug et al. (2020) introduced a Boundary Wavelet Transform (BWT)-based method for real-time fault detection in
Multi-Terminal DC (MTDC) grids. The wavelet transform decomposes transient signals into frequency components,
isolating faults from normal switching events.

The mathematical representation of a wavelet transform is:

Wy(a,b) = J% [0 (2)a

Where:
e  f(t):signal under analysis
e Y(t): mother wavelet
e a:scaling parameter (frequency)
e  b:translation parameter (time)

Sabug's study showed that when integrated with a Support Vector Machine (SVM) classifier, the system achieved:

e Detection time: <5 ms
e Accuracy: >98% across 10 test cases
e Resilience to noise and load fluctuations

2.1.2 Artificial Neural Networks in Overhead Line Protection

Elmitwally et al. (2020) proposed a model using feedforward artificial neural networks (ANNs) trained on current and
voltage waveform data. The ANN output is used to determine the type and location of faults.

The basic operation of an ANN for fault detection is described by:

y=¢<zn:wixi+b>
i=1

Where:

e x;:inputfeatures (e.g., current, voltage samples)
e w;: connection weights

e  b:bias term

e ¢:activation function (e.g., sigmoid, ReLU)

e y:output (fault class)
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The ANN was trained using a backpropagation algorithm, achieving:

e Fault classification accuracy: 97.8%

e Location estimation error: <5%

e Robustness against variation in fault resistance and inception angle

2.1.3 Deep Learning for Underground Cables

For underground cable networks, which are difficult to inspect manually, Deep Learning models like Convolutional
Neural Networks (CNNs) can classify time-series waveform data without manual feature extraction.

CNNs are governed by the convolution operation:

Where:

e X:inputsignal (voltage/current time-series)

e K:convolution kernel

e S(i,j):filtered output

SG ) = (X * K)(D, ) =Z ZX(i+m,j+n)-K(m,n)

These systems demonstrated accuracy of >99% on labeled training datasets in detecting:

e Single line-to-ground faults

e Line-to-line faults

e (Cable degradation events

2.2 Performance Comparison of Al Techniques

To better understand the trade-offs, the following table compares major Al approaches used in fault detection.

Table 1. Comparison of Al Methods for Fault Detection in Power Systems

Technique Accuracy | Detection Speed | Complexity | Noise Tolerance | Best Use Case

Wavelet + SVM 98.5% <5 ms Moderate High DC grids, MTDC

ANN 97.8% 10-20 ms Low Moderate Overhead lines, radial feeders

CNN 99.2% <8 ms High Very High Underground cables, sensor-rich systems
Hybrid (Wavelet + PSO) | 98.9% <10 ms High High Grid optimization and fault classification

3. Al and Optimization for Energy Management and Stability

The rise of distributed energy resources (DERs), renewable power sources, two-way power flow and responsive loads has
made managing energy and stability in power grids much more difficult, requiring intelligent solutions. The old ways
based on linear programming or heuristics do not work well enough now to cope with the demands of real-time energy
needs and the unpredictability of renewables. Instead, using Artificial Intelligence (AI) and hybrid optimization
techniques, it is now easy to develop responsive, leading and distributed methods for controlling energy systems.Al-
powered energy systems help to predict energy usage, arrange all resources, run and maintain batteries, unite microgrids
and regulate dynamism of energy networks at all levels. This section reviews how Al and optimization play various roles in
making sure energy is used and managed properly.
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3.1 Smart Grids and Stability Enhancement Using Al

Smart grids incorporate advanced metering infrastructure (AMI), communication layers, and automated control devices
that monitor, collect, and act on energy-related data in real time. A core requirement in such systems is the maintenance
of voltage and frequency stability, especially when operating with a large share of renewables.

Al plays a critical role in grid stability by:
e Predicting potential instability events based on historical patterns.
e Executing corrective actions using adaptive learning models.

e Reducing reliance on traditional control centers via decentralization.

In their study, Alaerjan et al. (2024) merged various Al tools such as fuzzy inference systems, neural networks and
Bayesian techniques to make smart grid operations more stable. The application deals with fresh data from operations,
know the weather they are under in the future and sees users to identify risks and provide tips on how to take action. Shi
et al. (2020) therefore described in detail how Al could be used in stability studies of the grid. In his paper he looked at
how reinforcement learning (RL) is implemented in secondary and tertiary voltage control. The Al systems were designed
to react dynamically (and automatically) to changes in the grid by adjusting their reactive power support from capacitors
and inverters and, as a result of that, the number of under and over voltage events in the tested cases was dramatically
reduced. Unlike traditional systems, Al systems use data (which often has flaws, errors, delays etc) and can tolerate them..

3.2 Adaptive and Real-Time Energy Management

Energy management deals with optimization of generation, storage and load in order to match the demand economically
and in an environmentally friendly way. Adaptive energy management system using big data analytics and machine
learning algorithms for smart grid is proposed by Gupta & Chaturvedi (2023) for this purpose, including load forecasting,
generation scheduling, storage management and demand response (DR). The real time data streams generated from smart
meters are processed through their system where it detects load patterns and clusters consumers for efficient distributed
generation..

The key capabilities of ML in energy management include:

e Short-term load forecasting (STLF) using Recurrent Neural Networks (RNNs) or Long Short-Term Memory
(LSTM) networks.

e Energy price prediction to facilitate market participation.

e Consumer classification and profiling to manage demand response programs.

The mathematical basis for predictive energy modeling in neural networks often revolves around minimizing the mean
squared error between predicted ¥y, and actual values y;:

1w .
Lossysg = TZ(% =90
t=1

Moreover, Stecyk & Miciuta (2023) introduced a collaborative energy optimization platform, where Al agents work
together in a multi-agent system (MAS) to coordinate DERs across regions. These agents autonomously manage energy
flows based on local objectives (e.g., battery charge state, solar availability) while contributing to global grid objectives
(e.g., peak shaving, frequency regulation).

3.3 Al and Optimization for Renewable Integration

Renewable energy integration poses a major challenge for grid operators due to intermittency and limited dispatchability.
Al models, especially deep learning ones, can predict:

e Solarirradiance
e Wind speed

e C(Cloud coverage
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o Energy yield variability

Danish (2023) demonstrated that hybrid Al approaches significantly improved renewable forecasting accuracy,
reducing curtailment and reserve requirements. For example, CNN models were trained on historical satellite images and
weather time series to predict solar generation 30 minutes ahead, outperforming physical models by 12-15% in RMSE.

In addition to forecasting, optimization is used for dispatch planning. Nouri et al. (2024) proposed an ANN-PSO
algorithm to manage Vehicle-to-Grid (V2G) interactions. The system predicts grid needs and battery states, optimizing
when electric vehicles should charge or discharge.

Their objective function minimizes the cost of power while ensuring battery constraints:

T
. bu
mmZ(Pt Ve, —Pll1y)
t=1

S.L. SOCpin < SOC, < SOCpay ¥Vt

Where:

e P, Psell; power bought/sold at time ¢
e (;,1;:: Market prices for buying/selling

e SOC;: State of charge of the battery

This optimization ensured that V2G operations did not degrade battery life while supporting peak shaving and frequency
regulation.

3.4 Energy Forecasting and Demand Response Optimization

Forecasting demand and implementing effective DR mechanisms are key to balancing generation and load in real time. Al
enables:

e Customer-specific demand modeling.
e Probabilistic peak load prediction.

e Incentive-based response triggering.

Feng et al. (2021) described applications of clustering algorithms (like K-means) and support vector regression (SVR)
to segment consumers and forecast load. This allowed operators to target the right customers for DR signals, increasing
participation rates by over 20%.Additionally, Al models were used to dynamically compute Time-of-Use (TOU) tariffs and
automate DR program adjustments based on behavior and preferences.

Table 2. Al and Optimization Applications in Energy Management and Stability

Domain Technique Used Goal Key References
Grid Stability Fusion Al, RL, Fuzzy | Maintain voltage/frequency Alaerjan et al. (2024); Shi et al. (2020)
Systems
Load Forecasting LSTM, RNN, SVR Predict short-term demand Gupta & Chaturvedi (2023); Feng et al.
(2021)
Renewable CNN, Bayesian Models Predict solar/wind generation Danish (2023); Mortier (2020)
Forecasting

Energy Trading & | Deep Q-Learning, MAS Real-time  pricing and  bidding | Stecyk & Miciuta (2023)

Pricing optimization

V2G Management ANN + PSO Optimize EV charge/discharge Nouri et al. (2024)

Demand Response Clustering + Regression Targeted load shedding and incentive | Fengetal. (2021)
design
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4. Challenges, Research Gaps, and Future Directions

Table 3. Summary of Challenges, Gaps, and Future Directions

Category Current Challenge Research Gap Future Direction

Data & Training Lack of labeled, diverse data Underdeveloped unsupervised/self- | Federated learning, synthetic data
supervised learning generation

Model Poor generalization across | Inflexible and topology-specific | Transfer learning with domain

Transferability regions models adaptation

Explainability Black-box models inhibit trust Lack of explainable power system Al XAl tailored for energy operators

Cybersecurity Vulnerability to data poisoning, | Few Al-specific grid threat models Resilient, secure Al + adversarial

adversarial attacks

training

System Integration | Difficulty embedding Al in | Limited industrial compatibility Development of  API-friendly,
SCADA/EMS lightweight models
Edge Intelligence High computational overhead Lack of lightweight algorithms for | TinyML and real-time edge-Al
edge devices models
Human-AI Operator distrust and skill gaps No interfaces for human-Al decision | Operator-centric dashboards and
Collaboration co-analysis interactive XAl tools

4. Conclusion

With modern power systems progressing towards greater sustainability, flexibility and intelligence, this
integration of Artificial Intelligence (AI) and optimization has become not only advantageous, but necessary. High
levels of algorithmic stochasticity or uncertainty make it impossible to manage in real time with traditional deterministic
approaches — such as those that are deployed and still in use today — the increasing complexity resulting from
distributed generation, renewable integration, two-way energy flow and dynamic consumer participation. Through this
review it has become apparent that Al is playing a major role in fault detection, increasing stability and allowing real time
adaptive energy management. Neural networks, deep learning, reinforcement learning and hybrid algorithms are blending
with optimization techniques like PSO to enable grids to be more predictive, responsive and efficient. Nevertheless, some
issues continue to exist such as data paucity, model interpretability, cybersecurity security risks and interoperability with
antiquated systems. To remedy these problems we need to dedicate ourselves to research areas like edge intelligence,
federated learning, explainable Al and secure control architectures. The future energy infrastructures must be intelligent,
resilient, interpretable and collaborative. Multi disciplinary innovation can bridge these gaps and ensure robustness of Al
powered energy systems seeking to meet tomorrow's demands but retain reliability, transparency and trust. While the
vision of a decentralized, sustainable and intelligent energy ecosystem has historically been theoretical, the historic
inroads made with Al at its core and continuing today bring it within the proximity of reality.
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