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Abstract: Deep learning (DL), a subset of artificial intelligence, has 

emerged as a transformative force in the control of power electronic 

systems. These systems are at the heart of modern energy 

infrastructure, driving applications in electric vehicles, renewable 

energy integration, and smart grids. This paper presents a 

comprehensive review of the role of deep learning in optimizing 

control strategies for power electronics. We explore various DL 

architectures such as convolutional neural networks (CNNs), 

recurrent neural networks (RNNs), and deep reinforcement learning 

(DRL) in enhancing the performance, fault diagnosis, and real-time 

adaptability of converters and inverters. Furthermore, challenges 

such as computational complexity, real-time implementation, and 

data availability are discussed alongside future prospects of hybrid 

AI-DL techniques for robust and intelligent power electronics. 
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INTRODUCTION 

Power electronic systems are fundamental components in modern 

energy infrastructures, facilitating efficient energy conversion, 

conditioning, and management across diverse applications such as 

electric vehicles, renewable energy integration, and smart grid 

operations. These systems must operate reliably under a wide range 

of dynamic and nonlinear conditions, often characterized by rapidly 

varying loads, switching behaviors, and environmental 

disturbances. Traditional control techniques—such as PID 

controllers and model-based methods—have demonstrated success 

in many scenarios. However, their performance can degrade in 

complex, nonlinear, and time-varying environments due to fixed 
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parameter settings and reliance on precise system models that may 

be difficult to obtain or maintain. In recent years, deep learning 

models have emerged as powerful tools capable of extracting 

intricate features and capturing nonlinear relationships from large 

volumes of data. By leveraging deep neural networks, these models 

can learn complex system behaviors and generalize well to unseen 

conditions, enabling enhanced control accuracy, adaptability, and 

fault tolerance in power electronic systems. This paper investigates 

the application of deep learning techniques in power electronic 

control, focusing on their potential to overcome limitations of 

conventional controllers and to improve overall system performance 

and reliability. 

Deep Learning Architectures for Power Electronics 

Overview of Commonly Used Deep Learning Models 

Deep learning (DL) models have gained significant traction in 

power electronics due to their ability to model complex nonlinear 

relationships and temporal dependencies. Among the most 

commonly employed architectures are: 

Convolutional Neural Networks (CNNs): Primarily used for 

feature extraction from spatially or temporally correlated data, 

CNNs are effective in fault classification tasks by analyzing 

waveform patterns or spectral features from current and voltage 

signals. 

Recurrent Neural Networks (RNNs): Designed to handle 

sequential data, RNNs capture temporal dependencies in time-series 

signals, making them suitable for system modeling and real-time 

state estimation in power converters. 

Long Short-Term Memory Networks (LSTMs): As an advanced 

variant of RNNs, LSTMs address the vanishing gradient problem 

and are capable of learning long-term dependencies. They are 

particularly valuable in predictive maintenance and parameter 

forecasting under dynamic operating conditions. 

Application Scenarios 

DL models have been applied across various power electronics 

control challenges, including: 

Fault Classification: CNNs and hybrid CNN-LSTM models 

analyze voltage/current waveforms to detect and classify different 

fault types, enabling rapid and accurate fault diagnosis. 

System Modeling: RNNs and LSTMs are employed to learn 

dynamic system behaviors without explicit mathematical models, 

improving controller design and system identification. 

Parameter Prediction: Deep learning techniques predict system 

parameters such as switching states, temperature rise, and 

degradation trends, facilitating adaptive control and maintenance 

scheduling. 
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Comparative Analysis with Classical Controllers 

Traditional control strategies such as Proportional-Integral-

Derivative (PID) controllers and Model Predictive Control (MPC) 

have been the mainstay in power electronics due to their simplicity 

and proven effectiveness. However, they often require precise 

system models and manual tuning, which can limit performance in 

nonlinear and time-varying environments. 

In contrast, DL-based controllers offer: 

Enhanced Adaptability: Ability to learn and adjust to changing 

system conditions without explicit reprogramming. 

Improved Fault Tolerance: Superior performance in detecting and 

mitigating faults through data-driven insights. 

Scalability: Potential to handle high-dimensional input data and 

complex system interactions. Despite these advantages, DL 

approaches demand substantial training data and computational 

resources, and their black-box nature raises concerns about 

interpretability and real-time implementation feasibility. 

Applications in Converter and Inverter Systems 

Deep Learning-Based Predictive Control of DC-DC Converters 

Deep learning models have been effectively utilized for predictive 

control in DC-DC converters, which are pivotal in regulating 

voltage levels in power electronic systems. By leveraging recurrent 

architectures such as LSTMs, controllers can forecast future 

converter states and disturbances based on historical operational 

data. This predictive capability enables preemptive adjustments to 

switching actions, improving transient response, reducing 

overshoot, and enhancing overall converter efficiency compared to 

traditional feedback control methods. 

Intelligent Gating Strategies for Multilevel Inverters 

Multilevel inverters, essential for high-power and high-voltage 

applications, require complex gating signal strategies to balance 

output voltage quality and device stress. Deep learning approaches, 

including CNNs and reinforcement learning, have been applied to 

develop intelligent gating schemes that optimize switching 

sequences dynamically. These methods minimize total harmonic 

distortion (THD) and switching losses while adapting to load 

variations and component aging, outperforming static or heuristic 

gating algorithms. 

Load Forecasting and Optimization in Grid-Tied Systems 

In grid-tied inverter systems, accurate load forecasting is crucial for 

maintaining stability and optimizing energy flow between 

distributed generation and the grid. Deep learning techniques, 

particularly LSTM networks, excel in capturing temporal patterns 

and seasonality in load profiles. These predictions inform adaptive 

inverter control and energy management strategies, enabling 



 

4 | P a g e  
 

demand-response optimization, reducing energy costs, and 

enhancing grid reliability. 

Fault Diagnosis and Condition Monitoring 

Anomaly Detection Using Autoencoders and Deep Belief 

Networks 

Deep learning techniques such as autoencoders and deep belief 

networks (DBNs) have become instrumental in detecting anomalies 

within power electronic systems. Autoencoders, by learning 

compact representations of normal operating data, can identify 

deviations indicating potential faults when reconstruction errors 

exceed predefined thresholds. Similarly, DBNs leverage multiple 

layers of probabilistic models to capture complex feature hierarchies 

for accurate fault pattern recognition. These unsupervised or semi-

supervised approaches enable early identification of subtle 

anomalies that traditional threshold-based methods may overlook. 

Real-Time Monitoring for Predictive Maintenance 

The integration of deep learning models into real-time monitoring 

frameworks facilitates predictive maintenance by continuously 

analyzing sensor data streams (e.g., temperature, current, voltage). 

This proactive strategy predicts impending failures before they 

escalate, reducing unplanned downtime and maintenance costs. 

Deployments on embedded hardware with edge computing 

capabilities enable low-latency fault detection and diagnosis, 

essential for high-reliability applications such as electric vehicles 

and renewable energy converters. 

DL-Driven Diagnosis of IGBT Failures and Capacitor 

Degradation 

Practical implementations of deep learning for fault diagnosis have 

demonstrated remarkable success. For instance, convolutional 

neural networks have been trained on vibration and electrical signal 

data to detect insulation breakdowns and partial discharges in 

Insulated Gate Bipolar Transistors (IGBTs). Similarly, long short-

term memory networks (LSTMs) have effectively modeled 

degradation trends in electrolytic capacitors by analyzing time-

series operational data, predicting end-of-life conditions. These case 

studies validate the capability of DL-based methods to improve 

reliability and extend the service life of critical power electronic 

components. 

Challenges and Future Research Directions 

Real-Time Hardware Implementation Using FPGAs and GPUs 

One of the primary challenges in deploying deep learning (DL) 

models for power electronic control and fault diagnosis is meeting 

the stringent real-time requirements. High computational 

complexity and latency issues can limit practical applicability, 

especially in fast-switching converter systems. Field-Programmable 
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Gate Arrays (FPGAs) and Graphics Processing Units (GPUs) offer 

promising hardware platforms to accelerate DL inference through 

parallel processing and optimized architectures. However, 

designing efficient DL models that fit within hardware constraints 

while maintaining accuracy remains an active research area. 

Dataset Generation and Transfer Learning for Generalized 

Applications 

DL models typically require extensive labeled datasets for effective 

training, which is often scarce or expensive to obtain in power 

electronics applications due to the rarity of fault events and 

operational variability. Synthetic data generation through simulation 

and augmentation techniques can partially address this challenge. 

Additionally, transfer learning methods, which leverage pre-trained 

models and adapt them to new tasks with limited data, present a 

promising approach to improve generalization and reduce data 

dependency across different converter types and operational 

scenarios. 

Integration with Edge AI and IoT Platforms for Scalable 

Solutions 

The convergence of DL with edge artificial intelligence (AI) and 

Internet of Things (IoT) platforms enables scalable, decentralized 

control and monitoring architectures. Embedding lightweight DL 

models in edge devices facilitates local decision-making, reduces 

communication overhead, and enhances system resilience. Future 

research is directed towards developing energy-efficient, secure, 

and interoperable DL frameworks that seamlessly integrate with 

heterogeneous IoT ecosystems, thereby supporting smart grid 

applications and large-scale deployment of intelligent power 

electronic systems. 

Summary 

The incorporation of deep learning in power electronics control 

systems has demonstrated substantial benefits in terms of system 

performance, reliability, and intelligence. This scholarly article 

reviewed the advancements in DL architectures and their practical 

applications in converters and inverters, along with fault detection. 

Despite challenges like hardware constraints and the need for large 

datasets, the future of power electronics control systems is poised to 

be revolutionized by deep learning. Continued interdisciplinary 

research and technological integration are crucial for scalable and 

real-time deployment in industrial applications. 
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