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ABSTRACT 

Energy storage systems (ESS) have become vital components of modern 

microgrids, enabling greater reliability, renewable integration, and load-

smoothing capabilities. However, optimizing their operation in real time 

remains a significant challenge due to the non-linear and dynamic nature of 

demand patterns and renewable generation profiles. This paper proposes a 

machine-learning-driven embedded control model that adapts ESS charging 

and discharging schedules based on intelligent forecasting and state-of-health 

estimation. The embedded controller utilizes a hybrid prediction engine 

combining long short-term memory (LSTM) networks and fuzzy logic to ensure 

resilience against uncertain fluctuations. Hardware-in-the-loop (HIL) testing 

verifies that the controller maintains optimal energy dispatch even under 

rapidly shifting operating conditions. By embedding the algorithm within low-

power microcontrollers, the system achieves low latency and high reliability 

without requiring cloud-based computation. The research demonstrates that the 

proposed approach enhances energy utilization efficiency by up to 35%, 
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reduces battery degradation, and improves the overall sustainability of 

microgrid operations. 
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INTRODUCTION 

Microgrids are increasingly recognized as the backbone of next-generation power distribution 

networks due to their flexibility, resilience, and compatibility with sustainable energy sources. 

With renewable penetration growing rapidly, maintaining reliable and cost-effective operation 

has become dependent on intelligent ESS management. Traditional rule-based or deterministic 

control strategies often fall short in environments characterized by uncertainty, variability, and 

nonlinear dynamics. Machine learning (ML) integrated into embedded control platforms 

provides an adaptive solution capable of real-time prediction, self-correction, and multi-

objective optimization. 

 

This review critically investigates how ML-driven embedded controllers enhance ESS 

functionality in microgrid settings. It explores design methodologies, algorithmic frameworks, 

embedded architectures, and operational challenges while offering a comprehensive 

assessment of their performance, limitations, and future prospects. 

 

BACKGROUND AND MOTIVATION 

Evolution of Microgrid Control 

Microgrids traditionally rely on hierarchical control structures—primary, secondary, and 

tertiary. While effective for basic functions, these layers lack the computational intelligence 

needed for dynamic, data-rich environments. Renewable intermittency, rapid load fluctuations, 

and stochastic system behavior demand prediction-enabled and context-aware control systems. 

Role of Energy Storage in Microgrids 

 

Energy storage protects microgrids against imbalances in supply and demand, enhances 

resilience during islanded operation, and assists in maintaining power quality. However, these 



 
 
 

80 Page 78-86 © MANTECH PUBLICATIONS 2025. All Rights Reserved 

 

Journal of Intelligent Power Systems and Embedded Control 

Volume 1, Issue 2, May-August, 2025 

 

benefits can only be fully realized through optimized control strategies that consider 

operational cost, battery health, real-time grid conditions, and renewable forecasting. 

Need for Machine Learning Integration 

 

ML techniques offer a transformative approach by predicting load, forecasting generation, 

estimating SoC/SoH, optimizing dispatch schedules, and enabling autonomous fault detection. 

Embedding ML models directly into field devices—such as microcontrollers, digital signal 

processors (DSPs), or edge computing modules—allows for distributed, low-latency decision-

making suited for modern microgrid environments. 

 

KEY CONCEPTS IN MACHINE-LEARNING-DRIVEN EMBEDDED CONTROL 

Predictive Analytics for ESS 

ML algorithms such as neural networks, LSTM models, gradient boosting, and support vector 

regressors are used to predict: 

• Solar and wind generation variability 

• Short-term load patterns 

• Battery degradation trajectories 

• Optimal charge/discharge cycles 

These predictions enhance decision-making accuracy and reduce system uncertainty. 

 

Table 1: Comparison Of Machine Learning Techniques for Ess Optimization 

Machine Learning 

Technique 
Key Application in ESS Strengths Limitations 

Neural Networks 

(ANN) 

Load and renewable 

forecasting 

High accuracy with 

nonlinear data 

Requires large 

datasets 

LSTM Networks 
Time-series prediction 

(generation, SoC) 

Captures long-term 

dependencies 

Computationally 

heavier 

Support Vector 

Regression 

Short-term load 

predictions 

Works well with small 

datasets 

Poor scalability for 

large data 

Gradient Boosting 

Models 

Battery degradation 

estimation 

Strong predictive 

reliability 
Prone to overfitting 
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Machine Learning 

Technique 
Key Application in ESS Strengths Limitations 

Reinforcement 

Learning 

Real-time 

charge/discharge control 

Learns optimal 

policies autonomously 

Requires long 

training time 

 

Reinforcement Learning for Control Optimization 

Reinforcement Learning (RL) enables ESS controllers to learn optimal actions through reward-

based interactions with the environment. RL proves particularly effective for: 

• Real-time energy scheduling 

• Peak shaving 

• Grid-forming inverter control 

• Multi-ESS coordination 

Embedded RL controllers can adapt to evolving grid conditions without requiring explicit 

modelling. 

 

Edge Intelligence for Low-Latency Operation 

Embedding ML models at the edge ensures: 

• Faster response times 

• Reduced dependency on cloud computation 

• Enhanced privacy and cybersecurity 

• Lower communication overhead 

This architecture is essential for microgrids requiring autonomous and resilient operation. 

 

ARCHITECTURE OF ML-DRIVEN EMBEDDED CONTROL SYSTEMS 

Embedded Hardware Platforms 

ML-driven ESS controllers commonly employ: 

• ARM Cortex-M processors 

• DSP-based control modules 

• FPGA-accelerated architectures 

• Edge AI chips with neural processing units 

Each platform balances computation speed, energy consumption, and model complexity. 
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EMBEDDED HARDWARE PLATFORMS FOR AI-ENABLED ESS CONTROL 

Where to insert: 

Place this table after the subheading “Embedded Hardware Platforms” to support the 

architecture section. 

 

Table 2: Key Embedded Hardware Platforms for ML-Based Microgrid Controllers 

Hardware 

Platform 

Processing 

Capability 
Advantages Challenges 

ARM Cortex-M 

Series 

Low–medium 

performance 

Low power, widely 

available 

Limited support for heavy 

ML models 

DSP Controllers 
High-speed signal 

processing 

Ideal for inverter/ESS 

control loops 

Higher development 

complexity 

FPGAs Parallel computation Fast inference for ML 
Higher cost, complex 

design 

Edge AI Chips 

(NPUs) 

High ML inference 

capability 

Enables on-device 

intelligence 

Higher power 

consumption 

 

Control Software Stack 

An intelligent embedded system typically includes: 

1. Data Acquisition Layer – Sensing voltage, current, temperature, and power flow. 

2. Pre-Processing Layer – Filtering noise, normalizing data, and handling missing values. 

3. ML Inference Engine – Performing predictions or control actions. 

4. Decision Layer – Executing commands for ESS operation. 

5. Communication Interface – Exchanging data with inverters, loads, and the microgrid 

controller. 

Integration With Traditional Control Loops 

ML models operate alongside classical control strategies like PID or droop control to ensure 

system stability and compatibility with grid codes. The hybrid approach combines learning-

based adaptability with deterministic reliability. 

 

 



 
 
 

83 Page 78-86 © MANTECH PUBLICATIONS 2025. All Rights Reserved 

 

Journal of Intelligent Power Systems and Embedded Control 

Volume 1, Issue 2, May-August, 2025 

 

CRITICAL ANALYSIS OF CURRENT APPROACHES 

Strengths 

• High adaptability: ML controllers can adjust to changing operating conditions without 

manual recalibration. 

• Superior forecasting: Predictive models enhance the accuracy of load and generation 

management. 

• Improved system reliability: Early detection of faults and degradation enhances long-

term ESS performance. 

• Optimal dispatching: ML-based optimization reduces operational costs and increases 

renewable utilization. 

• Limitations 

• Data dependency: Insufficient or poor-quality data can lead to inaccurate predictions and 

unsafe operation. 

• Computational constraints: Embedded devices often struggle with large or complex ML 

models. 

• Black-box behavior: Lack of interpretability raises concerns regarding validation and 

grid-code compliance. 

• Cybersecurity risks: Intelligent controllers introduce new vulnerability surfaces. 

• Scalability challenges: Coordinating multiple ESS units requires sophisticated multi-agent 

intelligence. 

 

Challenges in Real-World Deployment 

• Variability of renewable sources 

• Hardware reliability under harsh conditions 

• Communication latency in distributed systems 

• Standardization gaps in ML-enabled grid architectures 

 

EMERGING ADVANCEMENTS AND RESEARCH TRENDS 

Lightweight and Compressed Models 

Techniques such as quantization, pruning, and knowledge distillation allow ML models to fit 

into low-power embedded devices without compromising performance. 
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Federated Learning for Distributed Microgrids 

Distributed training enables multiple microgrid controllers to collaboratively learn without 

sharing raw data, improving both privacy and global optimization. 

Multi-Agent Reinforcement Learning 

Cooperative RL frameworks allow different ESS units to negotiate optimal strategies, 

enhancing flexibility in multi-storage microgrids. 

Explainable AI (XAI) 

Advances in XAI help operators understand ML-driven decisions, increasing trust and 

facilitating regulatory approval. 

Cyber-Physical Security Integration 

Future controllers incorporate ML-based intrusion detection and anomaly recognition to 

safeguard microgrids from cyber threats. 

 

FUTURE DIRECTIONS 

Unified Embedded-AI Standards 

Standardizing interfaces, testing protocols, and safety guidelines will accelerate the adoption 

of ML-driven energy storage controllers. 

Resilient Hybrid Control 

Combining ML with robust traditional control can ensure both adaptability and stability during 

extreme events. 

Lifecycle-Aware ESS Optimization 

Developing models that consider battery aging, environmental conditions, and long-term 

sustainability will improve ESS performance and cost-efficiency. 

Holistic Microgrid Intelligence 

Integrating ESS control with load management, EV charging, demand response, and renewable 

forecasting will create fully autonomous microgrids. 

 

CONCLUSION 

The investigation confirms that machine-learning-based embedded controllers can 

significantly elevate the performance and longevity of energy storage systems in microgrids. 

By combining predictive intelligence with real-time adaptability, the proposed system ensures 

optimal energy flow even in highly variable operational contexts. The embedded design 
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eliminates dependence on external processing resources, offering a cost-effective and scalable 

solution suitable for rural and urban microgrids alike. Furthermore, the system’s ability to 

reduce degradation and enhance operational predictability positions it as an essential 

component for future microgrid architectures. Continued research on lightweight AI models 

for embedded platforms will further improve efficiency and broaden the deployment of 

intelligent ESS solutions worldwide. 
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