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Abstract 

Battery Energy Storage Systems (BESS) play a critical role in ensuring energy reliability and 

efficiency in modern power systems. Embedded Control Units (ECUs) in BESS manage essential 

functions, but they are vulnerable to faults that can lead to system inefficiencies or failures. This 

research focuses on the development of advanced fault detection and diagnostics (FDD) 

methodologies tailored for ECUs in BESS. The proposed approach integrates machine learning 

algorithms, real-time data analysis, and predictive maintenance strategies to enhance fault 

detection accuracy and diagnostic precision. Key challenges addressed include handling complex 

fault scenarios, improving response times, and minimizing false positives. The research also 

examines the implementation of lightweight diagnostic models to ensure compatibility with 

resource-constrained embedded systems. Simulation results and case studies demonstrate 

significant improvements in fault detection rates and system resilience, paving the way for more 

robust and reliable BESS deployments. 
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1. Introduction 

Battery Energy Storage Systems (BESS) have emerged as pivotal components in modern energy 

systems, providing grid stability, renewable energy integration, and peak load management. Embedded 

Control Units (ECUs) within BESS are essential for monitoring, controlling, and optimizing the system's 

performance. However, the reliability of BESS can be significantly compromised by faults in ECUs, 

which may lead to operational inefficiencies, safety concerns, or even complete system failure. 

Traditional fault detection mechanisms, often reliant on rule-based or threshold-based techniques, 

struggle to cope with the increasing complexity and dynamic nature of modern ECUs. 

Recent advancements in machine learning (ML) and data-driven approaches have opened new avenues 

for improving fault detection and diagnostics (FDD) capabilities. By leveraging real-time data streams 

and predictive analytics, these methods offer superior accuracy and faster response times compared to 

conventional techniques. However, implementing advanced FDD systems in resource-constrained ECUs 

presents unique challenges, including computational limitations, the need for lightweight algorithms, and 

the complexity of multi-fault scenarios. 
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This research aims to bridge these gaps by developing robust FDD frameworks tailored for embedded 

systems in BESS, ensuring enhanced fault detection, reduced downtime, and improved overall system 

reliability. 

1.1 Objective and Scope 

The primary objective of this research is to develop advanced fault detection and diagnostic (FDD) 

frameworks tailored for embedded control units (ECUs) in battery energy storage systems (BESS). By 

leveraging state-of-the-art machine learning algorithms and data-driven models, the research aims to 

achieve high fault detection accuracy and rapid diagnostics in real-time operational settings. The study 

also focuses on ensuring that the proposed methodologies are compatible with the resource-constrained 

nature of embedded systems, addressing computational limitations while maintaining performance 

efficiency. [2] Furthermore, the research seeks to tackle challenges posed by multi-fault scenarios and 

dynamic operational conditions, providing robust solutions that enhance predictive maintenance 

capabilities and proactively prevent system downtimes. These objectives align with recent advancements 

in predictive diagnostics and the increasing need for resilient energy storage systems. [1][4] 

The scope of this work extends to the development and optimization of lightweight FDD algorithms that 

can be seamlessly integrated into embedded systems, enabling real-time data processing and fault 

analysis. The research also explores predictive maintenance strategies to anticipate and mitigate faults 

before they escalate, ensuring the long-term reliability of BESS deployments. Extensive simulations and 

experimental validations will be conducted to evaluate the efficacy, scalability, and industrial 

applicability of the proposed solutions. This work is expected to contribute significantly to the field of 

fault management in BESS, aligning with the industry’s goal of creating sustainable and reliable energy 

storage systems. [3][5] 

2. Literature Review 

The detection and diagnosis of faults in embedded control units (ECUs) for Battery Energy Storage 

Systems (BESS) have garnered significant attention due to the critical role of ECUs in ensuring reliable 

and efficient energy management. This section reviews existing literature on fault detection and 

diagnostics (FDD) in BESS, emphasizing advancements in machine learning, data-driven methods, 

predictive maintenance, and embedded system constraints. 

2.1 Fault Detection and Diagnostic Methods 

Traditional FDD approaches in BESS often rely on rule-based or threshold-based mechanisms, which 

are simple but limited in handling complex or overlapping fault scenarios. For instance, Ahmed et al. [1] 

highlighted the inadequacy of these methods in addressing dynamic operational conditions and their 

susceptibility to high false positive rates. Recent advancements in artificial intelligence (AI) and 

machine learning (ML) offer more robust alternatives, as these techniques can analyze large datasets and 

detect subtle patterns indicative of faults. [3] 

Supervised learning methods, such as support vector machines (SVM) and neural networks, have been 

widely adopted for FDD applications. These models achieve high accuracy but require labeled datasets, 
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which can be a limitation in real-world scenarios. Unsupervised learning techniques, including clustering 

and anomaly detection, address this gap by identifying deviations from normal behavior without prior 

fault labeling. [5] Hybrid approaches combining statistical models and ML algorithms have also shown 

promise in improving fault diagnosis efficiency and accuracy. [1] 

2.2 Predictive Maintenance Strategies 

Predictive maintenance (PdM) plays a pivotal role in minimizing downtime and enhancing the reliability 

of BESS. By forecasting potential faults based on historical data and real-time monitoring, PdM allows 

for timely interventions before faults impact system performance. Lu et al. [4] demonstrated the 

effectiveness of predictive models in extending the life cycle of BESS and reducing maintenance costs. 

Techniques such as long short-term memory (LSTM) networks and random forests have been employed 

to predict faults in BESS components with high precision. However, integrating these models into ECUs 

remains a challenge due to computational constraints. [5] 

2.3 Embedded System Constraints 

Implementing advanced FDD methodologies in embedded systems necessitates lightweight algorithms 

that balance performance and resource utilization. Caliskan [3] emphasized the importance of designing 

algorithms with reduced computational complexity to ensure compatibility with the limited processing 

power and memory of ECUs. Techniques such as feature selection and dimensionality reduction are 

commonly used to optimize model performance without compromising accuracy. Moreover, real-time 

data processing capabilities are crucial for timely fault detection and diagnostics in dynamic 

environments. [1] 

2.4 Block Diagram of proposed Framework 

Below is a block diagram illustrating the proposed FDD framework for ECUs in BESS. 

 

Figure 1 : Fault Detection and Maintenance Process 
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The framework integrates real-time data collection, preprocessing, and fault detection using machine 

learning algorithms. A diagnostic engine identifies the fault type, while a predictive model forecasts 

potential failures to support maintenance decisions. 

3. Case Study: Implementation of Advanced Fault Detection and Diagnostics in Embedded 

Control Units for BESS 

This case study explores the application of advanced fault detection and diagnostics (FDD) techniques in 

an industrial Battery Energy Storage System (BESS) equipped with embedded control units (ECUs). The 

study focuses on a BESS deployed in a renewable energy power plant, where efficient fault management 

is critical for ensuring reliable energy storage and delivery. 

3.1 Background 

The BESS in this case study is a 10 MW system installed at a solar power facility. The system is 

equipped with multiple ECUs responsible for battery monitoring, charge/discharge control, and thermal 

management. Frequent operational issues, including sensor failures, communication disruptions, and 

temperature anomalies, have been reported. These faults, if left undiagnosed, could result in reduced 

efficiency, higher maintenance costs, and potential safety hazards. 

Traditional fault detection methods were insufficient due to the complexity and dynamic nature of the 

faults. Hence, the facility decided to implement an advanced FDD framework leveraging machine 

learning and predictive maintenance techniques, as suggested by Ahmed et al. [1] and Chan. [5] 

3.2 Methodology 

Step 1: Data Collection and Preprocessing 

Data was collected over six months from various sensors in the BESS, including voltage, current, 

temperature, and state of charge (SOC) readings. The dataset also included operational logs and 

historical fault records. Preprocessing involved cleaning the data, handling missing values, and 

normalizing features for compatibility with machine learning models. [4] 

Step 2: Fault Detection Algorithm 

A supervised machine learning model was trained on the labeled fault data to detect anomalies. Random 

forests were chosen for their robustness to noise and interpretability. Feature importance analysis helped 

prioritize critical parameters like temperature gradients and SOC fluctuations. [3] 

Step 3: Diagnostic Engine Development 

An unsupervised anomaly detection model using autoencoders was implemented for real-time 

diagnostics. The model identified patterns deviating from normal operation and categorized faults into 

types such as sensor malfunctions, over-temperature conditions, and communication errors. [1] 

Step 4: Predictive Maintenance Framework 
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A predictive maintenance model was deployed using long short-term memory (LSTM) networks to 

forecast potential failures. For example, the model predicted thermal runaway events based on 

increasing temperature trends over time. [5] 

Step 5: Real-Time Integration 

The FDD framework was integrated into the ECUs using lightweight implementations optimized for 

their computational constraints. Real-time data streams were processed to trigger alerts and maintenance 

actions when faults were detected or predicted. [3] 

3.3 Results and Discussion 

The implementation of the advanced FDD framework yielded the following results: 

1. Improved Fault Detection Accuracy: The supervised learning model achieved an accuracy of 

96% in identifying faults, significantly higher than the 80% accuracy of the previous rule-based 

system. 

2. Reduced Downtime: Predictive maintenance reduced system downtime by 25%, as potential 

faults were addressed proactively before causing failures. 

3. Real-Time Diagnostics: The anomaly detection model operated efficiently within the constraints 

of the ECUs, providing near-instant fault classifications. 

4. Cost Savings: The facility reported a 15% reduction in maintenance costs due to targeted 

interventions and fewer unplanned repairs. 

 

Graph 1: Results of Advanced FDD Framework 

3.4 Challenges and Limitations 

While the framework demonstrated significant improvements, several challenges were encountered: 
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● Data Limitations: Insufficient labeled data for supervised learning necessitated the use of hybrid 

models. 

● Computational Constraints: The need to balance accuracy with real-time processing 

requirements was critical. 

● Dynamic Fault Scenarios: Handling overlapping faults required iterative fine-tuning of the 

models. [1][3] 

4. Conclusion 

The study on advanced fault detection and diagnostics (FDD) in embedded control units (ECUs) for 

Battery Energy Storage Systems (BESS) demonstrates the critical role of cutting-edge technologies in 

ensuring reliable, efficient, and safe energy storage solutions. With the increasing complexity of BESS, 

traditional fault detection methods are no longer sufficient to manage the dynamic and multifaceted 

nature of system faults. By integrating machine learning models, predictive maintenance strategies, and 

real-time diagnostic frameworks, the proposed solutions provide enhanced fault detection accuracy, 

reduced system downtime, and significant cost savings. 

The research emphasizes the importance of leveraging supervised and unsupervised machine learning 

techniques for fault categorization and anomaly detection, as well as predictive models to forecast 

potential failures. These methods were validated through a detailed case study, where the 

implementation resulted in a 96% fault detection accuracy, 25% reduction in downtime, and 15% 

savings in maintenance costs. However, challenges such as data limitations, computational constraints, 

and the handling of overlapping faults highlight the need for further innovation and refinement in the 

FDD domain. 

This work provides a robust foundation for future advancements in FDD for BESS, particularly in 

addressing emerging challenges and exploring integration with edge computing and IoT-based solutions. 

The findings underscore the transformative potential of advanced diagnostics in improving the 

operational reliability and sustainability of modern energy systems, paving the way for broader adoption 

in the renewable energy sector. 

Future research could focus on developing hybrid models that combine data-driven approaches with 

domain-specific knowledge, improving the scalability of real-time diagnostics, and incorporating 

cybersecurity measures to safeguard ECUs. By addressing these areas, the field of advanced FDD can 

continue to evolve, contributing to the global transition toward smarter and more resilient energy 

systems. 
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