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Abstract. The rapid growth of rooftop photovoltaic (PV) installations demands compact, 

high-efficiency inverters that maintain power quality under varying solar conditions. This 

study proposes a reinforcement learning control strategy for a low-power single-phase 

inverter. A Deep Q-Network (DQN) agent is trained to minimize total harmonic 

distortion (THD) and switching losses while tracking a sinusoidal reference across a wide 

range of solar irradiances. Following a two-stage methodology, a detailed 

MATLAB/Simulink model was used for offline agent training. The learned policy was 

then deployed on a 32-bit microcontroller and validated on a 500 W hardware prototype. 

Experimental results show the proposed controller achieves a 1.8% THD, outperforming 

conventional PI (3.9%) and model-predictive (2.4%) controllers. Efficiency improved by 

2.7% due to optimized switching, and dynamic response to irradiance changes was 35% 

faster. These findings demonstrate that reinforcement learning enables superior power 

quality and energy savings in low-power solar inverters 

Keywords: low-power inverter, reinforcement learning, solar photovoltaic, total 

harmonic distortion, energy efficiency, Deep Q-Network. 

1 Introduction 

The global transition toward renewable energy sources has positioned photovoltaic (PV) 

systems as a cornerstone of decentralized power generation. Specifically, residential-scale 

rooftop PV installations are experiencing exponential growth, driven by falling solar panel 

costs and rising environmental awareness [1]. Along with this, artificial intelligence (AI) 

applications have become an increasingly important area of research for optimizing various 

aspects of PV systems, from power prediction to converter control [2]. In a PV system, the 

inverter plays a crucial role, converting the direct current (DC) power generated by solar 

panels into alternating current (AC) power suitable for household appliances and injection into 

the utility grid [3]. 

A primary challenge for solar inverters is the intermittent nature of their energy source. Solar 

irradiance can change drastically in seconds due to cloud movement, directly impacting the 
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PV output power. The inverter must adapt rapidly to these variations to maximize energy 

extraction while maintaining high power quality, particularly a sinusoidal output voltage 

waveform with minimal distortion [4]. 

Conventional control methods like the Proportional-Integral (PI) controller have long been 

used due to their simplicity and reliability. However, PI controllers are linear, and their 

performance heavily depends on precise parameter tuning, which is often optimal only at a 

specific operating point. Their performance can degrade significantly under highly variable 

operating conditions [5]. Alternatively, Model-Predictive Control (MPC) offers better 

dynamic performance by predicting future system behavior. However, MPC carries a high 

computational burden and requires a highly accurate system model, which is difficult to 

maintain in real-world applications [6]. Recent experimental studies have even shown that 

learning-based approaches such as reinforcement learning can outperform MPC in terms of 

power quality in grid-connected inverter applications [7]. 

To overcome these limitations, this research proposes the application of an artificial 

intelligence (AI) approach, namely Reinforcement Learning (RL). RL enables an agent to 

learn an optimal control strategy autonomously through trial-and-error interaction with its 

environment [8]. By defining clear objectives (e.g., minimizing distortion and losses), the RL 

agent can discover complex and adaptive non-linear control policies. The main contribution of 

this research is the design, implementation, and experimental validation of a Deep Q-Network 

(DQN) based controller for a low-power, single-phase solar inverter. Our goal is to 

demonstrate that an RL approach can simultaneously improve power quality (measured by 

Total Harmonic Distortion or THD) and energy efficiency compared to PI and MPC methods. 

2 Research Methodology 

This study adopted a two-stage approach consisting of simulation-based training and 

hardware-level validation. The methodology was designed to ensure that the reinforcement 

learning (RL) controller could be developed, trained, and implemented under conditions 

replicating real photovoltaic (PV) environments. 

 

2.1 System Modeling and Simulation Setup 

A comprehensive simulation model was developed using MATLAB/Simulink to emulate the 

operating conditions of a low-power solar inverter. The system model comprised four major 

subsystems: 

• PV Source: The photovoltaic source was modeled using I–V characteristic data of a 

commercial solar panel under various irradiance levels ranging from 200 to 1000 

W/m² and temperatures between 25–45 °C. 

• Inverter Topology: A single-phase H-bridge inverter was employed as the main 

power conversion unit, commonly used for low-power rooftop systems. 

• Output Filter: A passive second-order LC filter was designed to suppress high-

frequency harmonics generated by the inverter switching. 



 

 

 

 

 

• Load Model: A purely resistive load was used to represent nominal operation during 

performance evaluation. 

This configuration created a safe, flexible, and repeatable digital environment for testing and 

training the RL-based controller. 

 

2.2 Reinforcement Learning Controller Design 

The core of the proposed control strategy is a Deep Q-Network (DQN) agent. DQN is an RL 

algorithm that uses a deep neural network to approximate the action-value function (Q-value), 

which is highly effective for complex state spaces [9]. The use of DQN for inverter control has 

been proven effective in previous studies to achieve fast and robust current control without 

requiring a precise system model [10]. The agent’s structure and parameters were defined as 

follows: 

• State Variables: The system state at time step t consisted of the voltage tracking error 

(difference between the output and sinusoidal reference), its derivative, and real-time 

solar irradiance. 

• Action Space: The DQN selected one of four discrete switching states of the H-

bridge inverter to generate the desired output waveform. 

• Reward Function: A reward signal R(t) was designed to minimize total harmonic 

distortion (THD) and switching losses simultaneously. 

 

𝑅𝑡 = 𝑤1 ⋅ 𝑒𝑥𝑝(−|𝑒(𝑡)|)  − 𝑤2 ⋅ 𝑃𝑠𝑤𝑖𝑡𝑐ℎ 

 

where 𝑒𝑡 is the tracking error, 𝑃𝑠𝑤𝑖𝑡𝑐ℎ is a flag that equals 1 if a change in switch state 

occurs (representing switching loss), and 𝑤1,𝑤2 are balancing weights. This function 

provides a high reward for small errors and penalizes each switching action, forcing 

the agent to find a balance between tracking accuracy (low THD) and switching 

frequency (high efficiency). 

Training was carried out offline using the Experience Replay and Prioritized Sampling 

techniques to enhance convergence stability. The neural network used two hidden layers with 

ReLU activations and an Adam optimizer for policy updates. 

 

2.3 Hardware Implementation and Experimental Validation 

After training convergence, the optimized policy was exported to a 32-bit ARM Cortex-M4 

microcontroller, which acted as the control core of a 500 W inverter prototype. The 

experimental configuration included: 

• Power Source: A 1 kW PV array and a programmable DC source to simulate 

controlled irradiance variation. 



 

 

 

 

 

• Measurement Equipment: Power Quality Analyzer, Oscilloscope, and Thermocouple 

sensors were employed to monitor voltage waveform, THD, efficiency, and thermal 

stability. 

• Benchmark Controllers: Two baseline controllers—Proportional-Integral (PI) and 

Model Predictive Control (MPC)—were implemented for performance comparison 

under identical hardware conditions. 

 

2.4 Evaluation Parameters 

The performance of each controller was evaluated using the following quantitative metrics: 

• Total Harmonic Distortion (THD) – measured according to IEEE 519 standards. 

• System Efficiency (η) – calculated as the ratio between AC output and DC input 

power. 

• Dynamic Response Time – the stabilization period after irradiance transients. 

• Thermal Reliability – temperature profile monitoring over a 72-hour continuous 

operation. 

This methodology ensured that the proposed RL-based control algorithm could be rigorously 

tested both in simulation and physical environments, validating its applicability for real-time 

embedded systems in solar inverter applications. 

3 Result and Discussion 

This section presents the experimental findings and provides a comparative analysis between 

the proposed Deep Q-Network (DQN) controller and the two benchmark methods: 

Proportional-Integral (PI) and Model-Predictive Control (MPC). The discussion integrates 

quantitative results with theoretical interpretations to demonstrate the effectiveness of 

reinforcement learning (RL) in improving inverter performance. 

 

3.1 Power Quality and Total Harmonic Distortion (THD) 

Table 1 summarizes the THD values measured at nominal output power (500 W) for all three 

control strategies. The DQN controller achieved the lowest THD of 1.8 %, outperforming the 

PI (3.9 %) and MPC (2.4 %) controllers. This indicates that the RL-based strategy can produce 

a nearly sinusoidal waveform with minimal harmonic distortion, fully compliant with the 

IEEE 519 harmonic standards. 

The lower distortion is attributed to the adaptive switching sequence generated by the DQN 

policy, which learns to minimize the error between the reference and the output voltage 

dynamically. 

Figure 1 shows the output voltage waveforms of each controller. The DQN waveform 

maintains excellent sinusoidal symmetry, whereas PI control exhibits visible distortion near 



 

 

 

 

 

zero-crossing points, and MPC produces minor step artifacts due to its discrete predictive 

horizon. 

 

Table 1. Comparison of THD at Nominal Power. 

Control Method THD (%) 

PI Controller 3.9 

MPC Controller 2.4 

DQN Controller (Proposed) 1.8 

 

 

Fig. 1. Comparison of output voltage waveforms produced by (A) PI Controller, (B) MPC Controller, 

and (C) DQN Controller. 

 

3.2 System Efficiency and Switching Losses 

Figure 2 illustrates the inverter efficiency across the tested load range. The DQN controller 

demonstrated a 2.7 % improvement in average efficiency compared to the PI method. This 

gain arises from the reward function that penalizes frequent switching events, leading the RL 

agent to identify patterns that reduce conduction and switching losses. 



 

 

 

 

 

While MPC also showed better efficiency than PI, its computational cost and model 

dependency limited performance stability under rapidly changing operating points. The 

enhanced efficiency of the DQN controller also contributed to lower thermal stress on the 

power devices. The IGBT temperature remained below 70 °C during continuous operation, 

confirming reduced switching energy and better thermal management. These outcomes agree 

with Wang and Peng (2022), who emphasized that Q-learning-based controllers can inherently 

optimize switching trajectories for minimum energy loss. 

 

3.3 Dynamic Response to Irradiance Changes 

To evaluate adaptability, a step change in solar irradiance was applied—from 800 W/m² down 

to 300 W/m²—using the programmable DC source. The DQN controller stabilized the output 

voltage 35 % faster than the PI controller and exhibited minimal overshoot. The faster 

response results from the DQN’s ability to generalize from numerous irradiance transitions 

during training. Unlike MPC, which relies on a static prediction model, the RL policy adapts 

in real time by updating the Q-value mapping between states and actions. This property 

ensures stability and continuity of power delivery even under rapid environmental 

fluctuations—a critical factor for rooftop PV systems. 

 

 

Fig. 2. Comparison of the dynamic response of the output voltage amplitude when solar irradiance drops 

drastically. 

 

3.4 Reliability and Endurance Test 

The inverter prototype was operated continuously for 72 hours under varying irradiance and 

load cycles to examine long-term reliability. No performance degradation or controller failure 

was observed. Temperature readings confirmed that all power components operated within 



 

 

 

 

 

safe limits, with no thermal derating events. This demonstrates that the optimized switching 

strategy not only improves energy conversion efficiency but also enhances the lifespan of 

semiconductor devices through reduced heat accumulation. 

 

3.5 Discussion 

The experimental findings confirm that reinforcement learning (RL) can significantly enhance 

inverter control performance under dynamic photovoltaic (PV) conditions. The superior THD 

reduction achieved by the DQN controller (1.8%) compared to PI (3.9%) and MPC (2.4%) 

aligns with the results of Rajamallaiah et al. (2024), who reported that learning-based 

controllers can adaptively suppress harmonics by optimizing nonlinear switching behavior. 

This improvement originates from the agent’s ability to adjust switching actions in real time 

based on observed voltage errors, enabling adaptive decision-making beyond the capability of 

fixed-parameter controllers. Moreover, the reward structure that penalizes excessive switching 

proves effective in maintaining high waveform fidelity while minimizing switching losses—

an important balance between efficiency and power quality also emphasized by Wang and 

Peng (2022). 

The 2.7% increase in inverter efficiency can be attributed to the DQN’s optimized modulation 

sequence, which reduces unnecessary switching events and consequently lowers conduction 

and switching losses in the IGBTs. Similar energy efficiency improvements were observed in 

other RL-based converter studies, indicating that such policies can inherently learn low-loss 

operation patterns. Furthermore, the 35% faster dynamic response under irradiance transients 

demonstrates the system’s capacity for rapid adaptation, a key advantage in fluctuating solar 

environments. Traditional MPC relies on predictive models that degrade with parameter drift, 

whereas DQN continuously refines control decisions based on state feedback, offering a 

robust alternative for uncertain PV dynamics. 

Another important aspect is the observed thermal stability during the 72-hour reliability test. 

The maintained temperature within safe operating limits reflects not only efficient switching 

but also the potential of RL-based controllers to prolong inverter lifetime by preventing 

thermal stress. These outcomes collectively suggest that the proposed DQN framework 

effectively integrates intelligent learning with power electronics control theory, bridging the 

gap between AI optimization and embedded hardware constraints. Consequently, the research 

reinforces the feasibility of implementing RL in real-time low-power inverter systems and 

provides a foundation for extending this approach to grid-tied or multi-phase architectures.s 

4 Conclusion 

This study successfully demonstrated the effectiveness of a reinforcement learning control 

strategy, particularly the Deep Q-Network (DQN) algorithm, for optimizing the operation of a 

low-power single-phase solar inverter. Through a two-stage methodology consisting of 

simulation-based training and hardware implementation, the DQN controller was shown to 

outperform traditional Proportional-Integral (PI) and Model-Predictive Control (MPC) 

methods across multiple performance metrics. The experimental results revealed that the 

proposed controller achieved superior waveform quality, with a Total Harmonic Distortion 



 

 

 

 

 

(THD) of only 1.8%, indicating substantial improvement in output voltage fidelity. Moreover, 

the reinforcement learning approach yielded an efficiency increase of approximately 2.7% 

compared to the PI controller, primarily due to its adaptive switching strategy that minimized 

unnecessary transitions. In addition, the DQN controller demonstrated a faster dynamic 

response—about 35% quicker under sudden irradiance variations—while maintaining 

excellent stability and minimal overshoot. Long-term endurance testing over a 72-hour 

continuous operation further confirmed the controller’s reliability and thermal robustness. 

These findings highlight that reinforcement learning not only enhances power quality and 

energy efficiency but also ensures long-term operational stability, positioning it as a promising 

solution for intelligent power electronic systems. Future research may extend this work to 

higher-power, three-phase inverters and explore integration with grid-support functions such 

as reactive power control and adaptive energy management. 
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