
AMERICAN JOURNAL OF APPLIED SCIENCES AND ENGI­

NEERING

ISSN 2766-7596

Vol. 7, Issue 1 (2025)

ORIGINAL RESEARCH

Optimization of Hybrid Renewable Energy Systems Using 

Deep Reinforcement Learning

[Oliver Stenfeldt1, Mira Kaur2, Hiroshi Tanaka3]

1 Technical University of Denmark, Lyngby, Denmark

2 Indian Institute of Technology Bombay, Mumbai, India

3 University of Tokyo, Tokyo, Japan

Volume

7

Issue

1

Year

2025

Type

Original Research

Published

2025-03-31

Journal

AJASE

Abstract

Hybrid renewable energy systems (HRES) integrate multiple renewable sources and storage to improve reliability and efficiency, 

but their operation is challenged by stochastic generation and load variability. Deep reinforcement learning (DRL) has emerged 

as a promising approach for real-time optimization, yet comparative performance across different DRL algorithms and system 

configurations remains underexplored. This study proposes a unified DRL-based optimization framework for HRES and evaluates 

three algorithms—Deep Q-Network (DQN), Proximal Policy Optimization (PPO), and Soft Actor-Critic (SAC)—on a simulated 

microgrid comprising photovoltaic, wind turbine, battery storage, and hydrogen production subsystems. The framework formu

lates energy management as a Markov decision process with continuous action spaces and multi-objective rewards including cost 

minimization, renewable utilization, and battery longevity. Experiments conducted over one year of hourly data demonstrate 

that SAC achieves the highest average reward (0.92) and reduces operational costs by 18.5% compared to heuristic rule-based 

control, while PPO exhibits superior robustness under high variability. The results also show that DRL controllers significantly 

improve renewable energy curtailment reduction and battery state-of-health preservation. This work provides a comprehensive 

benchmark and practical guidelines for deploying DRL in HRES, highlighting the trade-offs between sample efficiency, stability, 

and optimality.
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Introduction

Hybrid renewable energy systems (HRES) combine multiple renewable sources such as solar photovoltaic (PV), wind turbines, 

and energy storage to overcome intermittency and improve reliability (Thirunavukkarasu et al., 2023). However, the stochastic 

nature of renewable generation and load demand makes real-time optimal operation challenging. Traditional optimization 

methods like model predictive control often require accurate system models and are computationally intensive for large-scale 

systems (Bilal et al., 2024).

Deep reinforcement learning (DRL) offers a model-free alternative that learns optimal control policies through interaction 

with the environment, making it well-suited for HRES optimization (Pinciroli et al., 2022; Gao et al., 2022). Recent studies 

have demonstrated DRL’s effectiveness in various HRES applications, including energy storage scheduling (Kang et al., 2023), 

hydrogen production (Liang et al., 2024), and building energy management (Xu et al., 2024). Despite these advances, there is a 

lack of systematic comparison among different DRL algorithms for HRES under realistic conditions.
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This paper addresses this gap by proposing a unified DRL-based optimization framework for HRES and evaluating three 

representative algorithms: Deep Q-Network (DQN), Proximal Policy Optimization (PPO), and Soft Actor-Critic (SAC). The main 

contributions are: (1) a comprehensive HRES simulation environment with PV, wind, battery, and hydrogen subsystems; (2) a 

multi-objective reward function balancing cost, renewable utilization, and battery health; (3) extensive comparative analysis 

over one year of real-world weather and load data; and (4) practical insights for algorithm selection based on system charac

teristics.

Literature Review

DRL for HRES Optimization

Deep reinforcement learning has been increasingly applied to optimize HRES operations. Pinciroli et al. (2022) used DRL for 

operation and maintenance optimization, while Gao et al. (2022) applied multi-agent DRL for off-grid building energy systems. 

Liang et al. (2024) developed a DRL-based scheduling strategy for large-scale hydrogen production using off-grid renewable 

energy, achieving significant cost reductions. Similarly, Kang et al. (2023) employed DRL for optimal planning of hybrid energy 

storage systems using curtailed renewable energy.

Algorithm Comparisons

Several studies have compared DRL algorithms for energy management. Xu et al. (2024) compared value-based and policy-based 

methods for multi-objective optimization in residential hybrid energy systems, finding that policy gradient methods performed 

better in continuous action spaces. Zhao et al. (2022) applied DRL for joint load scheduling in household multi-energy systems, 

demonstrating the advantage of actor-critic methods. However, most comparisons are limited to specific system configurations 

and lack generalizability.

Gaps in Existing Literature

Despite the growing body of work, there is no comprehensive benchmark comparing DQN, PPO, and SAC under identical 

conditions for HRES. Moreover, many studies focus on either cost minimization or renewable utilization, neglecting multi-

objective trade-offs including battery degradation (Zhang & Tan, 2025). This paper fills these gaps by providing a systematic 

evaluation with a unified reward structure.

Methodology

System Model

The HRES model comprises a 100 kW PV array, a 50 kW wind turbine, a 200 kWh lithium-ion battery, and a 10 kW electrolyzer 

for hydrogen production (Liang et al., 2024). The system is connected to the grid with net metering. The state space includes 

solar irradiance, wind speed, load demand, battery state of charge (SoC), and hydrogen tank level. The action space includes 

battery charge/discharge power (continuous) and electrolyzer power (continuous).

DRL Framework

The optimization problem is formulated as a Markov decision process (MDP) with state s_t, action a_t, reward r_t, and transition 

probability P(s_{t+1}|s_t,a_t). The reward function is defined as:

R = -w1*C_ope - w2*C_curt - w3*D_bat + w4*U_renew

where C_ope is operational cost (grid purchase, maintenance), C_curt is renewable curtailment penalty, D_bat is battery 

degradation cost, and U_renew is renewable utilization reward. Weights w1-w4 are tuned via grid search.

Algorithms

We implement three DRL algorithms: DQN with experience replay (Yu et al., 2020), PPO with clipped surrogate objective (Chen 

et al., 2022), and SAC with entropy regularization (Zhang et al., 2021). All algorithms use a neural network with two hidden 

layers of 256 and 128 units with ReLU activation. Training is performed for 10,000 episodes each of 24-hour horizon with hourly 

time steps.

Simulation Setup

We use one year of hourly solar irradiance, wind speed, and load data from the NREL database (2020). The simulation is 

implemented in Python using TensorFlow and the Gymnasium library. Each algorithm is trained with five random seeds, and 

results are averaged over the test period (last 30 days of the year).
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Results

Training Performance

Figure 1 shows the learning curves for DQN, PPO, and SAC over 10,000 episodes. SAC converges fastest (around 3,000 episodes) 

to a stable reward of approximately 0.92, while PPO converges more slowly (5,000 episodes) but achieves a similar final reward. 

DQN exhibits higher variance and lower final reward (0.85) due to discretization of continuous actions.

Comparative Evaluation

Table 1 summarizes the average daily performance metrics for each algorithm compared to a heuristic rule-based baseline 

(RB). SAC reduces operational costs by 18.5% relative to RB, while PPO achieves 16.2% reduction. SAC also yields the highest 

renewable utilization (95.3%) and lowest battery degradation (0.12% capacity loss per day).

Impact of Variability

To assess robustness, we evaluate performance under high-variability conditions (days with rapid weather changes). Figure 2 

illustrates the battery SoC trajectories for a selected high-variability day. PPO maintains SoC within safe bounds (20-80%) more 

consistently than SAC, which occasionally dips below 20%.

Sensitivity Analysis

Table 2 shows sensitivity of SAC performance to reward weights. Increasing w2 (curtailment penalty) improves renewable 

utilization but slightly increases cost. The default weights balance all objectives effectively.

Discussion

The results demonstrate that DRL algorithms significantly outperform heuristic rule-based control for HRES optimization, 

consistent with findings by Legrene et al. (2025) and Marimuthu et al. (2025). SAC achieves the best overall performance due to 

its entropy regularization, which encourages exploration and prevents premature convergence to suboptimal policies (Zhang 

& Tan, 2025). However, PPO shows superior robustness under high variability, likely because its clipped surrogate objective 

limits policy updates, avoiding drastic changes that could destabilize control (Chen et al., 2022).

The trade-off between cost and battery degradation observed in sensitivity analysis highlights the importance of multi-objective 

optimization. While DRL can naturally handle multiple objectives via reward shaping, careful tuning of weights is necessary to 

align with system priorities (Kang et al., 2023). The discrete action space of DQN leads to suboptimal performance, confirming 

that continuous action algorithms are more suitable for HRES with continuous control variables (Zhao et al., 2022).

Our findings align with those of Liang et al. (2024), who reported that DRL effectively reduces hydrogen production costs, and 

extend them by comparing multiple algorithms. The robustness of PPO under high variability is particularly relevant for off-

grid systems where weather fluctuations are extreme (Gao et al., 2022).

Limitations of this study include the use of simulated data and a single system configuration. Future work should validate 

results on real hardware and explore transfer learning across different HRES topologies (Pinciroli et al., 2021). Additionally, 

incorporating blockchain verification as proposed by Marimuthu et al. (2025) could enhance trustworthiness of DRL decisions.

Conclusion

This paper presented a comprehensive comparison of three deep reinforcement learning algorithms—DQN, PPO, and SAC—for 

optimizing hybrid renewable energy systems. Using a realistic simulation environment with PV, wind, battery, and hydrogen 

subsystems, we found that SAC achieves the highest average reward and lowest operational cost, while PPO exhibits superior 

robustness under high variability. The results underscore the potential of DRL to improve renewable utilization, reduce 

costs, and extend battery life in HRES. Future research should focus on real-world validation, multi-agent coordination, and 

integration with emerging technologies such as blockchain for secure energy trading.
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