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ABSTRACT: The increasing integration of photovoltaic systems into smart grids requires accurate evaluation of
power conversion efficiency and output performance. In this context, Z Source Multilevel Inverters function as voltage
boosting converters and offer a certain degree of fault tolerance. However, conventional control strategies such as
proportional integral controllers and hybrid optimization-based methods including POA-RFA (Pelican Optimization
Algorithm-Random Forest Algorithm) are limited in their ability to maintain dynamic stability, efficiency, and
operational safety under varying solar irradiance and load conditions. This study proposes a safe and explainable Deep
Q Network based intelligent switching control framework for the Modified Capacitor Assisted Extended Boost Z Source
Multilevel Inverter operating in both standalone and grid tied modes. A unified reinforcement learning controller
is designed to ensure effective voltage regulation, strict enforcement of safety constraints, and transparent decision
making through SHAP (SHapley Additive exPlanations) based interpretability. Simulation results demonstrate that the
proposed Safe DQN (Safety-Aware Deep Q-Network) controller achieves a total harmonic distortion of 1.63 percent
and an efficiency of 97.8 percent without any safety violations across diverse operating scenarios. In addition, it provides
40 percent faster settling time and 50 percent lower switching losses compared to proportional integral and POA
RFA controllers. Explainability analysis confirms that the control decisions are consistent with the underlying physical
dynamics of the system. Overall, this work advances safe, adaptive, and interpretable control strategies for renewable
energy converters suitable for real time intelligent power electronic applications.

KEYWORDS: Deep reinforcement learning; explainable Al; grid-tied inverter; safe control; solar PV systems; Z-source
multilevel inverter

1 Introduction
1.1 Background

With the advancement of renewable energy technologies, solar photovoltaic systems have become a key
component of distributed power generation. These systems are mainly deployed in two operating modes,
namely standalone and grid tied configurations. Standalone photovoltaic systems operate independently
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of the utility grid and are commonly used in remote areas with isolated load requirements. Their perfor-
mance strongly depends on efficient power management, particularly under rapidly varying environmental
conditions such as changes in solar irradiance and temperature [1].

In contrast, grid tied photovoltaic systems operate in coordination with the main electrical grid. These
systems must maintain synchronization with the grid voltage and frequency and ensure smooth operation
during islanding events as well as during grid reconnection. In both operating modes, the effectiveness of
the system is largely determined by how efficiently solar energy is converted into usable alternating current
power [2,3].

This energy conversion process is typically achieved using power electronic inverters, which are
responsible for voltage boosting, waveform shaping, and reactive power control. Among various inverter
topologies, Z-Source Multilevel Inverters are recognized for their ability to perform both voltage step up and
step down operations within a single power conversion stage [4]. This characteristic improves overall system
efficiency and reliability. Due to their tolerance to shoot through states, strong voltage boosting capability,
and enhanced output waveform quality, these inverters are well suited for solar photovoltaic applications [5].

1.2 Role and Challenge of Switching Control in ZSMIs

Despite their structural advantages, Z-Source Multilevel Inverters introduce considerable complexity in
control design, mainly due to their nonlinear and time varying characteristics. The switching strategy must
ensure accurate voltage regulation, low harmonic distortion, and fast dynamic response to disturbances such
as load changes, variations in solar irradiance, and grid related fluctuations. Conventional control methods,
particularly proportional integral controllers, are widely used but often prove inadequate for such systems
because of their limited adaptability and inherent linear structure [6,7].

To address nonlinear behavior, fuzzy logic-based control schemes have been explored to improve
performance. However, these approaches rely heavily on expert knowledge and predefined rules, which
restrict their scalability and effectiveness across a wide range of operating conditions. In an effort to overcome
these limitations, hybrid optimization-based techniques, such as the Penguin Optimization Algorithm
combined with the Red Fox Algorithm, have been proposed for inverter control applications. These methods
offer improvements in parameter tuning and adaptive capability, but they still face challenges in ensuring
robust and consistent performance [8].

The conceptual control framework is illustrated in Fig. | and consists of a photovoltaic module, a
Modified Capacitor Assisted Extended Boost Z Source Multilevel Inverter, and a load or grid interface
connected through a closed loop control structure governed by a Safe Deep Q Network (Safe DQN) agent.
System states, including DC link voltage, grid conditions, and current ripple, are provided as inputs to
the agent. The agent processes these inputs through a neural network, enforces safety constraints, and
selects appropriate switching actions for the inverter. At the same time, an explainable artificial intelligence
module evaluates and interprets the control decisions using SHAP based visual analysis, thereby improving
transparency and operator understanding [9,10].
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Figure 1: Architecture of the Safe-DQN and explainable control framework.

1.3 Motivation for DQN, Safe Reinforcement Learning, and XAI

To address these challenges, this work explores deep reinforcement learning, specifically Deep Q Net-
works, as an intelligent alternative for switching control in Z Source Multilevel Inverters. Deep reinforcement
learning enables an agent to learn optimal control policies through continuous interaction with the operating
environment. Unlike conventional controllers that depend on predefined mathematical models or fixed rule
sets, a Deep Q Network (DQN) based agent improves its performance over time by learning from experience.
This capability is particularly beneficial for controlling highly nonlinear systems such as Z-Source Multilevel
Inverters under rapidly changing photovoltaic and grid conditions [11].

However, standard deep reinforcement learning approaches, including Deep Q Networks, primarily
focus on maximizing cumulative reward and often neglect safety considerations during intermediate control
actions. In power electronic systems, unsafe actions can lead to overvoltage conditions, component damage,
or violations of grid codes, making safety a critical requirement rather than a secondary concern. This
motivates the integration of Safe Reinforcement Learning principles into the control framework. Safe
Reinforcement Learning modifies the conventional Deep Q Network by incorporating hard or soft safety
constraints during both training and operation. These measures include reward shaping, action masking, and
constraint learning based on Lyapunov stability theory, which collectively prevent the agent from selecting
actions that could compromise inverter integrity or power quality [12].

Although Safe Reinforcement Learning enhances operational reliability, its internal decision-making
process is often difficult to interpret, which limits its acceptance in real world applications. In regulated
and safety critical domains such as power electronics, system operators and engineers must understand the
rationale behind control actions. Explainable Artificial Intelligence addresses this requirement by providing
transparent interpretation of the learning agent behavior. Techniques such as SHAP based feature attribution
and saliency analysis make it possible to identify how input states, including photovoltaic voltage, current,
and grid conditions, influence the controller decisions. By offering human understandable explanations,
Explainable Artificial Intelligence fosters trust, enables fault diagnosis, supports certification processes, and
strengthens safety validation.
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1.4 Objectives and Contributions

This paper presents a unified control framework that combines Safe Deep Q-Network (Safe-DQN)
reinforcement learning with XAI-based (Explainable Artificial Intelligence) interpretability for intelligent
switching control of a Modified Capacitor-Assisted Extended Boost Z-Source Multilevel Inverter (MCA-EB-
ZSMI). The framework is validated in both standalone and grid-tied operational modes under uncertain
solar and load conditions.

Objectives of this work are as follows:

«  Develop a Safe-DQN controller that enforces voltage and current constraints while learning optimal
switching actions in real time.

o Integrate XAI modules to provide the visualization and interpretability of switching decisions, thus
adding a layer of transparency in operations for safety assurance.

«  Simulate proposed control scheme during several situations such as dynamic irradiance, islanding
events, and load transients.

o  Compare and evaluate the proposed method against the classical PI and hybrid POA-RFA controllers
on several metrics, including THD, power efficiency, switching loss, and robustness.

To Demonstrate real-time implementation feasibility through an extensive MATLAB/Simulink-based
training and performance analysis procedure.

The key contributions of this work are threefold. First, a safety-aware deep reinforcement learning—
based intelligent switching controller is developed for a modified capacitor-assisted extended boost Z-source
multilevel inverter operating under both standalone and grid-tied modes, explicitly embedding voltage
and current constraints to ensure reliable operation under uncertain solar and load conditions. Second, an
explainable artificial intelligence framework is integrated with the proposed Safe-DQN controller, enabling
transparent interpretation of switching decisions through feature attribution analysis, thereby addressing
trust and certification challenges associated with black-box learning-based controllers in power electronic
systems. Third, a unified control architecture is validated through comprehensive MATLAB/Simulink
simulations under dynamic irradiance, load transients, and grid disturbances, demonstrating superior
performance over conventional PI and hybrid POA-RFA controllers in terms of harmonic distortion, voltage
regulation, efficiency, and safety compliance.

2 Related Work and Research Gaps
2.1 Conventional Control Strategies for ZSMIs

The Z Source Multilevel Inverter uses an impedance network to achieve single stage DC voltage boosting
and AC inversion, which makes it well suited for photovoltaic applications. Traditional control strategies
mainly rely on proportional integral controllers because of their simplicity and ease of implementation.
However, these linear controllers are not capable of handling the rapidly changing dynamics of photovoltaic
systems, which can lead to degraded transient response and increased harmonic distortion [13].

To address system nonlinearities, fuzzy logic controllers have been introduced in inverter control. For
instance, Sivakumar and Sumathi (2015) applied fuzzy sinusoidal pulse width modulation control to a cas-
caded multilevel inverter and achieved reduced total harmonic distortion in photovoltaic applications [14].
Although fuzzy logic controllers offer improved robustness, they typically depend on manually designed rule
sets and heuristic based tuning, which limits their scalability and general applicability.

Hybrid metaheuristic control approaches, such as the Penguin Optimization Algorithm combined with
the Red Fox Algorithm, integrate global optimization techniques with fuzzy systems to improve adaptability.
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However, these methods often involve high computational complexity, which restricts their suitability for real
time control applications. Similarly, an FLC (Fuzzy Logic Controller)-PSO (Particle Swarm Optimization)-
PI (Proportional-Integral) based hybrid controller demonstrated effective output voltage regulation in a
five-level inverter under varying load conditions, but it did not explicitly address the dynamic effects of
fluctuating solar irradiance and rapid load changes. Consequently, while conventional and hybrid control
strategies show acceptable performance, they lack the ability to learn and adapt in real time under highly
variable operating conditions.

2.2 Al and Machine Learning in Power Electronics

Recent studies have explored artificial intelligence and machine learning techniques, including arti-
ficial neural networks, convolutional neural networks, and reinforcement learning, for inverter control.
For example, neural network augmented proportional integral controllers for eleven level inverters have
demonstrated improved power quality in hybrid energy systems. However, these model-based or supervised
learning approaches require large amounts of training data and often struggle to generalize under unforeseen
operating conditions.

Reinforcement learning, particularly deep reinforcement learning, provides an online learning frame-
work in which the agent adapts its control policy through continuous interaction with the environment.
Although reinforcement learning remains relatively unexplored in inverter control, it has been successfully
applied in related power system domains. In one study, safe reinforcement learning was applied to a two-
level voltage source converter testbed, where the learned control strategies effectively maintained safety
constraints (Wan et al., 2024). These results highlight the potential of reinforcement learning while also
revealing the limited application of these methods to multilevel inverters, such as Z Source Multilevel
Inverters, under real world environmental uncertainties [15].

2.3 Safe RL and Explainable AI (XAI) in Control Applications

Standard reinforcement learning algorithms do not inherently incorporate safety considerations and
can behave unpredictably during exploration, which poses unacceptable risks in power electronic systems.
To address this, safe reinforcement learning techniques, including action masking, reward shaping, and
Lyapunov based constraints, are increasingly integrated into system models to enforce operational safety.
Comprehensive surveys in smart grid applications (Yu et al., 2024; Bui et al., 2024) highlight the use of safety
aware reinforcement learning for frequency regulation and voltage control. However, very few component
level implementations exist, indicating that Safe RL has seen limited deployment in inverter level systems
such as Z Source Multilevel Inverters [16,17].

Another limitation of reinforcement learning based controllers is their black box nature, which hinders
acceptance in regulated power systems. Explainable artificial intelligence methods, such as SHAP, saliency
mapping, and feature sensitivity analysis, provide tools to interpret the policies learned by RL agents. While
XAI has been extensively studied in general Al literature, its integration with reinforcement learning for
control applications is still in its early stages [18]. At present, there is limited research applying XAl to analyze
and explain RL decision making in safety critical power electronic systems.

2.4 Identified Research Gaps

The comprehensive review of conventional, hybrid, and learning-based control strategies for Z-source
multilevel inverters reveals several unresolved challenges that limit their applicability in modern photovoltaic
systems operating under uncertainty. Despite extensive research on PI, fuzzy, and metaheuristic-assisted
controllers, these methods primarily rely on offline tuning and fixed rule sets, which restrict their ability
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to adapt in real time to rapid irradiance fluctuations, load transients, and grid disturbances encountered
in practical PV installations. This limitation becomes particularly critical in systems required to operate
seamlessly in both standalone and grid-tied modes.

Recent advances in reinforcement learning have demonstrated promising adaptability in power system—
level applications; however, their adoption at the converter and inverter control level remains sparse.
Existing RL-based approaches largely focus on two-level converters or simplified voltage source inverters,
leaving multilevel topologies such as ZSMIs underexplored. Moreover, most reported studies emphasize
performance optimization without explicitly embedding safety constraints, thereby exposing the system to
risks of over-voltage, over-current, and unstable switching behavior during exploration and learning phases.

Another major gap identified in the literature is the lack of systematic safety assurance mecha-
nisms within RL (Reinforcement Learning)-based inverter controllers. While Safe Reinforcement Learning
frameworks have been proposed at the grid or system level, their translation to component-level control par-
ticularly for multilevel inverters operating under uncertain solar conditions, which has not been sufficiently
investigated. This absence of safety-aware learning limits the practical deployment of RL (Reinforcement
Learning) controllers in safety-critical power electronic systems.

In addition, the opaque nature of reinforcement learning algorithms presents a significant barrier to
their acceptance in regulated energy systems. Most existing RL-based inverter control strategies function
as black-box solutions, offering little insight into the rationale behind switching decisions. The limited
integration of explainable artificial intelligence techniques within inverter-level RL control frameworks
prevents operators, designers, and regulators from validating and trusting learned control policies.

Finally, current studies typically address either standalone or grid-connected operation independently,
with very limited work focusing on a unified control framework capable of managing both modes within a
single learning architecture. This separation overlooks the operational reality of modern PV systems, which
frequently transition between grid-tied and islanded conditions.

Addressing these gaps, the present work proposes a unified Safe-DQN-based intelligent switching
control framework for a modified capacitor-assisted extended boost Z-source multilevel inverter operating
in both standalone and grid-tied modes. The proposed approach embeds explicit voltage and current safety
constraints within the reinforcement learning process, ensuring stable and reliable operation under uncertain
solar irradiance and load variations. Furthermore, an explainable AI module based on SHAP analysis is
integrated to interpret the learned switching decisions, thereby enhancing transparency, trust, and potential
regulatory acceptance. Through comprehensive MATLAB/Simulink-based validation, the proposed frame-
work demonstrates how safety-aware and interpretable reinforcement learning can effectively overcome the
limitations of existing control strategies for advanced multilevel inverter-based PV systems.

Recent studies have increasingly explored soft-computing and metaheuristic-based optimization tech-
niques for improving MPPT accuracy and inverter control performance in photovoltaic systems. Hybrid
MPPT approaches combining classical algorithms with intelligent optimization have been shown to enhance
tracking speed, reduce steady-state oscillations, and improve robustness under rapidly changing irradiance
conditions [19]. In parallel, optimized PI and multilevel inverter control strategies using metaheuristic
algorithms have demonstrated notable improvements in dynamic response, harmonic suppression, and
performance indices such as the integral of time-weighted absolute error (ITAE) and integral of time-
weighted squared error (ITSE). These studies highlight the growing relevance of intelligent optimization
in both MPPT tracking and inverter control, providing a strong foundation for integrating reinforcement
learning-based decision-making with safety-aware switching strategies in advanced multilevel inverter
topologies [20].
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3 System Modeling and Configuration
3.1 Modified Capacitor-Assisted Extended Boost Z-Source Multilevel Inverter (MCA-EB-ZSMI)

The Modified Capacitor-Assisted Extended Boost Z-Source Multilevel Inverter (MCA-EB-ZSMI) is
created for a greater voltage gain and demonstrates multilevel waveform generation while providing better
stability during fluctuation in solar conditions. The impedance network is formed using two inductors,
namely L; and L,, three capacitors, C;, C,, and C,, respectively, and a diode was added to prevent the flow
of reverse current. The unique characteristic of this topology is shoot-through; that is, the inverter switch is
intentionally shorted for a short interval in order to store energy into the inductors and capacitors, which in
turn will step up the input voltage to a higher level to be converted into AC.

The boost factor of MCA-EB-ZSMI during the shoot-through period is characterized by the following
equation [21]:
Vi

Vieolink = ——2— 1

dc—link 1-2Dgy ( )
where Vj._jiqr denotes as the intermediate DC-link voltage supplied to the multilevel inverter, V;, as the
input voltage from the PV source, and D represents the shoot-through duty ratio. The value of Dg7 should
be dynamically adjusted for matching the required voltage of AC output. The voltage of multilevel inverter
output for a 5-level cascaded H-bridge configuration can be given as below [22]:

2
Vout (t) = Z Vie-k - Sk(t) (2)
k=1

where V,._; denotes as the DC-link voltage across the k" H-bridge submodule and s;(t) € {~1,0,1} as the
switching signal at time ¢.

The shoot-through interval is very carefully scheduled to make sure that continuous operation happens,
and in doing so, the effective voltage gain is increased while the stress on the switches is alleviated.

The selection of the multilevel inverter (MLI) configuration is a critical design decision that directly
influences harmonic performance, switching losses, and controller complexity. In this study, a five-level
MCA-EB-ZSMI topology is adopted as it offers an effective compromise between waveform quality and
practical implement-ability. While higher-level MLIs (seven- or nine-level) can further reduce voltage THD,
they require a significantly larger number of switching devices, gate drivers, and control states, leading to
increased switching losses, higher computational burden, and more complex real-time decision spaces for
reinforcement learning-based controllers. Conversely, lower-level configurations provide simpler control but
suffer from higher harmonic distortion and larger output filter requirements. The five-level structure achieves
sufficiently low THD with moderate switching frequency and reduced device stress, while maintaining a
manageable action space suitable for Safe-DQN-based intelligent switching. This trade-oft makes the selected
inverter level well-suited for integrating safe reinforcement learning and explainable control strategies
without compromising real-time feasibility.

3.2 Solar PV Modeling and MPPT Algorithin

The equivalent circuit of a single diode is employed to model the photovoltaic module. The voltage-
current (I-V) output characteristics of the PV cell are given by the equation [23]:

(V+IRs) V + 1R
1=1ph—10(e% —1)— : (3)

Rsh
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here, I denotes as the current output, whereas V' as the output voltage. Photocurrents as I,;, which scale
proportionally with solar irradiance, and I, denotes the saturation current of the diode. The charge of an
electron is represented by g; the diode ideality factor is n; the temperature measured in Kelvin is 7. And R;
and Ry, tell us about the series and shunt resistances of the cell, respectively.

In order to harness the topmost power from the PV module under transient solar conditions, the Incre-
mental Conductance (INC) Maximum Power Point Tracking (MPPT) algorithm is thus being implemented.
The algorithm works on the principle that the derivative of power relative to voltage at its MPP equals zero,
which is stated in equation below [24]:

dP _d(IV) dI

= I+V— = 4
v~ dv AT @

By solving for the incremental condition, gives:

dI I

o 5

v v 5)
This state affects to regulate V,.. s (called reference voltage) which drives the DQN-based controller to

change its inverter switching action.

3.3 Grid Integration and Islanding Detection Mechanism

There are two operational modes accepted by the system: standalone and grid-tied. When in grid-
tied mode, it is essential that an inverter output is synchronized with the utility grid voltage phase 0,4,
and frequency fg,i4 using a PLL locking system on the inverter voltage phase 6;,, and frequency f;,,. The
condition to achieve synchronization is mathematically expressed as [25]:

‘Qinv - Qgrid‘ <ABmax, |finv _fgridl < Afmax (6)

where A0, and Af,,,, are predefined thresholds.

Over/under-voltage and over/under-frequency settings together serve for the detection of islanding
condition. In selecting the islanding status, the inverter goes automatic-manual disconnection from the grid
through a static switch and the facility offers autonomous mode. Later, the inverter supplies power to the
local R-L load, keeping voltage and frequency decided through an intelligent RL-based control system.

The Fig. 2 illustrates the overall operational flow of the proposed photovoltaic power conversion system.
Solar energy is processed through the PV array and regulated by the Incremental Conductance MPPT
algorithm before feeding the impedance network of the MCA-EB-ZSMI. The inverter output is filtered and
supplied to either standalone loads or the utility grid. The Safe-DQN controller continuously observes system
states and generates optimal switching decisions, while the XAI module provides interpretability of control
actions for enhanced transparency and reliability.
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Figure 2: Flowchart of MCA-EB-ZSMI-based PV system with Safe-DQN control.

3.4 Switching Devices and Output Filtering

The Silicon Carbide (SiC) MOSFETs, particularly the C3M0120090D from Wolfspeed, are chosen
as switching devices to be used in the inverter legs because of their very low switching losses and high
tolerance to temperature. Each inverter leg contains a half-bridge module with antiparallel diodes to allow
for bidirectional current flow.

To suppress harmonics and minimize Total Harmonic Distortion (THD), an LCL filter is employed at
the output. The transfer function of the LCL filter is given by [26]:

Vioad (5) _ 1

H = =
(S) V,'m, (S) LfoSz+RfoS+1

(7)

where Ly denotes as the filter inductance, C; as the filter capacitance, R as the equivalent series
resistance, and s as the Laplace variable. This filter improves voltage waveform quality significantly in
grid-connected operation.

3.5 System Configuration and Simulation Assumptions

The overall system is implemented in MATLAB/Simulink environment using Simscape Electrical with
a fixed-step simulation of 5 x 10~®s. The PV array comprises five 250 W modules arranged in series with an
open-circuit voltage of about 107.5V under STC conditions. The inverter maintains a switching frequency
of 10kHz. The load is modeled as an R-L load with resistance R = 10 Q) and inductance L = 5mH, and the
entire system considers variable solar profiles, including partial shading and so forth.

The LCL filter is designed with Ly =3mH, Cy = 20yF, and Ry =0.50. Grid V is reputed to be 230 V
RMS; thus, the inverter needs to track it in grid-tied mode with unity power factor and synchronization
within the prescribed limits. Detail system parameters are given in the following Table 1.
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Table 1: Detail system, inverter, and modulation parameters.

Category Parameter Symbol Value
PV Svstem Rated PV Power Ppy 1.5 kW
Y Nominal DC Voltage Vpv 250V
Inductance L, 2.2mH
Z- N k
Source Networ Capacitance Cy 1000 pF
Inverter Topology - MCA-EB-ZSMI (5-Level)
Inverter Sw.ltchlng Frequency fsr,z,f 10 kHz
DC-Link Voltage Reference V. 380V
Output Voltage (RMS) Vout 230V
. Modulation Index m 0.85
Modulation .
Shoot-Through Duty Ratio D 0.05-0.25
(Min-Max) ST ’ '
Output Filter Ellter Induc.tance Ly 3mH
Filter Capacitance Cy 5uF
Grid Nominal Grid Frequency fe 50 Hz
Grid Voltage (RMS) Vy 230V

The electrical and modulation parameters of the proposed MCA-EB-ZSMI are explicitly defined to
ensure reproducibility and clarity of implementation. The inverter operates at a fixed switching frequency
of 10 kHz, selected as a compromise between switching loss and harmonic suppression. A sinusoidal pulse-
width modulation scheme with embedded shoot-through states is adopted, where the modulation index is
maintained within a safe operating range to prevent over-modulation and impedance network saturation.
The DC-link voltage reference is set to 380 V for both standalone and grid-tied operation, enabling sufficient
voltage margin for multilevel synthesis. The LCL output filter parameters are selected based on grid code
compliance and resonance attenuation, ensuring low current ripple and reduced total harmonic distortion.
The shoot-through duty ratio is adaptively regulated by the Safe-DQN controller and constrained within
predefined limits to guarantee safe operation of the Z-source impedance network.

Fig. 3 shows the overall system configuration. It includes the PV array with MPPT, the MCA-EB-
ZSMI circuit with impedance network and multilevel H-bridge, the SiC switching network, the LCL
filter, the grid/load interface, and the Safe-RL controller loop. The Safe-RL agent receives real-time feed-
back and interacts with the inverter environment, while the XAI block provides interpretability for the
switching decisions.
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Figure 3: System architecture of MCA-EB-ZSMI with Safe-RL switching and MPPT integration.

4 Deep Reinforcement Learning-Based Controller Design

In this section, we present the formulation, architecture, and safety integration of the Deep Q-Network
(DQN) controller applied for intelligent switching control in the MCA-EB-ZSMI. The controller is trained
using a Reinforcement Learning (RL) paradigm, where an agent interacts with the inverter environment
and learns to take optimal switching decisions. The learning process considered under the MDP framework
enables the agent to infer behavior of the system from the environmental feedback and obtain maximum
cumulative reward. The key design elements include the state-action-reward formulation, DQN agent archi-
tecture, and training along with the implementation of the Safe RL mechanisms which enforce operational
constraints during learning and execution.

4.1 Markov Decision Process (MDP) Formulation

A Markov Decision Process is formally defined by a tuple M = {S, A, P, R, y}, where S denotes as the
state space, A as the action space, P(s’ | s, a) as the state transition probability, R(s, a) as the reward function,
and y € [0,1] as the discount factor.

The discount factor y determines the relative importance of future rewards in the control policy. In
this study, y was set to 0.99 to reflect the long-term and continuous nature of inverter operation, where
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voltage regulation, harmonic suppression, and safety enforcement must be maintained over extended time
horizons rather than optimized for short-term transients. A high discount factor ensures that the agent
prioritizes steady-state performance and long-term stability of the DC-link voltage and output waveforms.
Preliminary simulations with lower y values (0.90-0.95) resulted in faster transient responses but increased
steady-state ripple and higher harmonic distortion, whereas y = 0.99 provided the best trade-off between
dynamic response and long-term performance.

4.1.1 State Space Definition

The control problem is formulated as a Markov Decision Process (MDP), where the system state at time
step t is represented by a seven-dimensional state vector s, € R’. The state vector is explicitly defined as [27]:

St = [Vdc (t)’Iout (t)’ Vout (t)> Vgrid> e (t)> Ae (t)’M(t)] (8)

where V,;.(t) denotes the DC-link voltage, I,,;(t) is the inverter output current, and V,,(t) represents
the inverter output voltage. The term Vi,;4(t) corresponds to the grid voltage reference and is set to zero
during standalone operation. The voltage tracking error is defined as e(t) = V,.r — Vou:(t), while Ae(t) =
e(t) —e(t —1) captures the dynamic variation of the control error. Finally, m(t) € {0,1} is a binary mode
indicator distinguishing standalone mode (m = 0) from grid-tied operation (m = 1). The error signal e, is
defined as the difference between reference voltage V,.(t) and the measured output voltage which is given
as [28]:

e(t): Vref(t)_Vout(t) )
The error rate Ae(t) is computed as the discrete derivative which is given as follows [29]:
Ae(t)=e(t)—e(t-1) (10)

The binary mode indicator which is M(t) takes the value 1 for grid-tied mode and 0 for standalone
mode, which is enabling the agent to learn context-aware switching behavior.

4.1.2 Action Space

The inverter switching control is formulated as a discrete control problem where each action corre-
sponds to a predefined inverter switching configuration. Given the MCA-EB-ZSMI structure, the system
operates in one of four discrete modes: shoot-through (ST), positive output state, zero output state, or
negative output state. Thus, the action space is defined as [30]:

A ={ay,ay,a;3, a4} (11)

here, with a; is corresponding to the ST condition, a, is generating a positive pulse, a3 is producing a zero
voltage, and a4 is generating a negative pulse. Each action is mapped to the specific gate control pattern for
the submodules of H-bridge.

4.1.3 Reward Function and Safety Constraints

The reward function is designed for encouraging voltage regulation, harmonic suppression, as well as
safe operation. The reward r, at time t is calculated using the following composite function given as [31]:

re=—ale(t)|=B-THD(t) =y Pross (£) = 8- £ (1) (12)
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The expression has its first term with the deviation, penalizing departure from the reference voltage, via
an absolute voltage error | e(t) |. The term second accounts for the instantaneous total harmonic distortion
THD(t), calculated using Fourier decomposition of the output waveform. Thirdly, the term P;,(t) denotes
the switching power loss and is computed on instantaneous current I (), on-state voltage V,,,, and switching
frequency fs, [32]:

Ploss (t) = Von . IS (t) + Esw 'fsw (13)

where Ej,, denotes as the average energy lost per switch transition. The last term &(t) € {0,1} is acting as a
binary indicator for safety violations, which is set to Lif V. (#) > Viuax o Loyt (t) > Lnax-

To guarantee safe operation of the inverter during both training and execution, hard safety constraints
are imposed on the DC-link voltage and inverter output current. Safety violations are triggered whenever
the following conditions are satisfied [33]:

Ve () > Vipax =420V, Lpys (1) > Lyax = 8A (14)

The maximum DC-link voltage limit V,,,x is selected based on the rated voltage of the DC-link
capacitors and the blocking capability of the SiC-MOSFET devices, while the output current limit I, is
chosen according to inverter thermal constraints and IEEE grid interconnection standards.

When a safety violation occurs, a large negative penalty is applied to the reward function to discourage
unsafe actions [34]:

~50, if Ve (£) > Vipax OF Tour (£) > Lnax

(15)
0, otherwise

Tsafe (t) = {

This strengthens the Safe-RL claim.

4.2 Deep Q-Network (DQN) Agent Design

The DQN algorithm approximates the optimal action-value function Q * (s, a), which dipicts the
expected cumulative reward of taking action a in state s and which is following the optimal policy thereafter.
The Q-value is approximated using a deep neural network with parameters 0, in such that [35]:

Q(s,a;0) ~ Q" (s,a) (16)
The loss function is used to train the network which is known as the Huber loss defined as follows:

L(0) =E ) [Huber(y: - Q(s,a;0))] (17)
where the target value y; is given as:

yir=ri+y-maxQ(s',a’507) (18)
here, 0~ denotes as the parameters of a separate target network which is updated periodically for stabilizing

training process. The Huber loss is piecewise defined as follows [36]:

1, )
- ) S 8
Huber (x) = 2" 1]

8(|x|-18), otherwise

(19)
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This formulation prevents exploding the gradients as well as ensures that the method is robust, even
when there are large Q-value errors.

The input layer of the DQN consists of seven neurons, each corresponding to one element of the
state vector defined previously, two hidden layers of 64 as well as 32 neurons activated by ReLU functions,
respectively, and at last the output layer with 4 neurons for representing the action space. The policy is derived
using an e-greedy strategy where, with probability €, a random action is taken to encourage exploration, and
with probability 1 — ¢, the action with the highest Q-value is selected:

argmax,Q (s, a;0)  with probability1-e (20)
ar =
"\ random (aeA) with probability €
The exploration rate € is the decays exponentially over the time according to the following:
€t = €min +(€max - emin)ekt (21)

where €45 = 1.0, €min = 0.01, and x denotes as the decay constant which is controlling the exploration-to-
exploitation transition.

After offline convergence, the learned Q-network parameters are fixed, and the controller executes
purely as a feedforward decision-making module during real-time operation.

4.3 Safe Reinforcement Learning Integration

To guarantee safe operation of the MCA-EB-ZSMI during both the training and deployment phases,
Safe Reinforcement Learning (Safe-RL) mechanisms are explicitly embedded within the DQN control
framework. Unlike conventional reinforcement learning, which optimizes performance objectives alone, the
proposed Safe-DQN controller incorporates hard operational constraints derived from inverter hardware
ratings and grid safety requirements. These safety mechanisms are enforced through a combination of
action masking, reward shaping with constraint penalties, and optional Lyapunov-based stability regulation,
ensuring that unsafe operating regions are systematically avoided.

The primary safety constraints considered in this study include bounded DC-link voltage and output
current limits, expressed as 340 < V. (t) <420V and I, (t) < 8 A, respectively. These limits are selected
based on the voltage rating of the impedance network components and the thermal current limits of the
SiC-MOSEET switches.

4.3.1 Action Masking

Action masking is employed as a preventive safety mechanism to ensure that the agent never selects
switching actions that could immediately violate physical constraints. At each control instant ¢, a subset of
admissible actions A () € A is constructed based on the current system state and predefined voltage and
current bounds. Actions that would result in over-voltage, over-current, or excessive shoot-through duration
are classified as unsafe and excluded from the decision space.

To enforce this constraint within the DQN framework, the Q-values of unsafe actions are masked by
assigning them an infeasibly low value, such that

Q(s,a) = —00,Va ¢ Agare(t) (22)

This guarantees that the policy derived from the Q-function will never select an unsafe switching
action, regardless of its estimated reward. Action masking therefore provides a hard safety guarantee by
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construction, making it particularly suitable for power-electronic systems where constraint violations can
lead to immediate hardware damage.

4.3.2 Reward Shaping with Safety Constraints

In addition to action masking, safety awareness is further reinforced through reward shaping. The orig-
inal reward function is augmented with explicit penalty terms that discourage the agent from approaching
unsafe operating regions. Let £(¢) denote a binary safety violation indicator, where &(¢) = 1if any constraint
is violated and &(¢) = 0 otherwise. The shaped reward function can then be expressed as

rsafe(t):r(t)_é\'f(t) (23)

where r(t) is the nominal reward and & > 0 is a large penalty coeflicient. This formulation ensures that
trajectories leading to constraint violations are strongly penalized, even during early exploration stages. As a
result, the agent learns to favor control policies that maintain voltage and current within safe margins while
still optimizing performance objectives such as harmonic reduction and efficiency.

4.3.3 Lyapunov-Based Stability Constraint

For enhanced theoretical safety guarantees, an optional Lyapunov stability condition is incorporated
into the Safe-RL framework. A Lyapunov candidate function V (s) is defined over the system state space,
representing an energy-like measure of system deviation from equilibrium. Safe operation requires that the
Lyapunov function decreases over time according to:

V(St+1) - V(St) < —H (24)

where 7 > 0 is a small positive constant. If this condition is violated, the corresponding action is either
rejected or subjected to an additional reward penalty. Although the Lyapunov constraint introduces addi-
tional computational overhead, it provides a formal guarantee of convergence toward a stable operating
region, which is particularly valuable for safety-critical inverter control applications.

Opverall, the integration of action masking, reward shaping, and Lyapunov-based constraints ensures
that the proposed Safe-DQN controller not only achieves high control performance but also strictly adheres
to electrical and thermal safety limits throughout operation. This layered safety enforcement strategy
differentiates the proposed approach from conventional RL-based inverter controllers that lack explicit
safety guarantees.

4.4 Rationale for Single-Objective Safe Reinforcement Learning Formulation

Although multi-objective optimization (MOO) frameworks are widely used in inverter control to
simultaneously minimize harmonic distortion, switching losses, and voltage deviation, the present work
intentionally adopts a constrained single-objective Safe-DQN formulation. This design choice is motivated
by the real-time operational requirements of grid-connected and standalone photovoltaic inverters, where
computational latency and policy interpretability are critical.

In the proposed framework, the primary objective is defined as the maximization of long-term
voltage regulation performance, while secondary objectives such as harmonic minimization, switching loss
reduction, and safety enforcement are incorporated implicitly through constraint-aware reward shaping
and action masking. Safety constraints on DC-link voltage and output current are treated as hard limits
rather than competing objectives, ensuring strict operational compliance. This avoids the need for dynamic
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Pareto front exploration, which can significantly increase training complexity and convergence time in
reinforcement learning-based controllers.

Furthermore, multi-objective RL typically requires scalarization weights or adaptive preference learn-
ing, which introduces additional tuning parameters and reduces reproducibility across operating conditions.
By embedding multiple performance criteria into a unified reward-constraint structure, the proposed
Safe-DQN controller achieves stable convergence, lower computational burden, and improved deployment
feasibility for real-time inverter control.

5 Explainability Module Integration

To enable transparency, trust, and certification in deep reinforcement learning (DRL)-based power
electronic control systems, explainability modules are integrated into the proposed Safe-DQN controller.
These modules provide post hoc interpretability to understand why the agent selects certain switching
actions under varying solar and load dynamics. Unlike conventional rule-based controllers whose logic is
human-readable, the decisions of a deep RL agent are embedded within high-dimensional neural networks.
Thus, explainability techniques such as SHAP (SHapley Additive exPlanations), saliency maps, and feature
attribution methods are employed to unravel these black-box decisions and ensure safe deployment in
real-world grid-interfaced applications.

5.1 Feature Attribution Using SHAP

SHAP values are derived from game theory and assign importance scores to each input feature based
on their contribution to the output of the model. Let f(s) denote the DQN Q-value prediction for a given
state vector s. The SHAP explanation model approximates the DQN’s output as [37]:

f(s)~ o+ Zn: uF (25)

where ¢ denotes as the base value (expected Q-value over the dataset), and ¢; as the marginal contribution
of the it feature in determining the Q-value. For the inverter controller, each of the state input, such as
DC-link voltage V., output current I,,;, as well as grid voltage Vg, 4, is assigned a SHAP value reflecting its
influence on the selected switching action.

The SHAP framework satisfies local accuracy and consistency, which ensures that the attributions fairly
denote the effect of feature changes. e.g., if $ V. > ¢I,,, then the agent prioritizes regulation of DC voltage
more than current matching for that decision point.

5.2 Gradient-Based Saliency Analysis

Saliency maps give us insights into what features the DQN agent is most sensitive to in a given state.
This is by taking the derivative of the Q-value with respect to the input features. Let Q(s, a; 0) be the Q-value
of action a. The saliency for each input feature s; is computed by [38]:

0Q(s,a)

%, (26)

Saliency (s;) = ’

Large gradient values mean an extremely small change in value of the i'® feature, s;, would bring large
changes in the Q value, thus pointing to those features that dominate the agent’s decision-making. In inverter
operation, high saliency on V;, or error rate Ae(t) indicates that the controller is actively regulating the
voltage deviation during transient solar events.



Energy Eng. 2026;123(7):20 17

To prevent gradient explosion or vanishing, ReLU activation is used in hidden layers, and normalization
of inputs ensures scale invariance across features.

5.3 Visualization and Interpretability Results

The output of the SHAP analysis is visualized using bar plots for individual decisions and summary
plots across multiple states. These plots highlight the top contributing features for each action. For instance,
in a decision to enter shoot-through mode under a solar irradiance dip, the SHAP analysis may show:

Py, = +0.42, ¢ (1) = +0.36, P,y = +0.28 27)

This implies that the decision was the mostly driven by the drop in DC voltage as well as a sharp
increase in voltage error. A corresponding saliency heatmap would confirm that these inputs had the highest
partial derivatives.

5.4 Safety and Certification Advantages

Explainable AI techniques help in providing transparency and certification of the Safe-DQN-based
controller. It is required that all Al-driven decisions related to safety-critical domains, such as power
grid integration, must be auditable and interpretable by engineers and regulators. SHAP and saliency
provide local attributions and global feature rankings to prove that the controller considers safest and
energy-efficient actions.

From a formal perspective, the explainability module can be used to define a confidence metric C, at
time ¢ based on the entropy of SHAP values [39]:

H (¢, 62, $n)
logn

Ct =1- (28)
where H represents as the entropy of the normalized SHAP value distribution. Lower entropy indicates a
clear dominant feature (i.e., the agent’s logic is more interpretable), while high entropy suggests indecision
or overfitting.

As C,; is thresholded, ambiguous states can be detected that may require supervisory intervention or
rule-based fallback. Explainability also helps in controller tuning by revealing redundant or inactive state
variables, thereby allowing for the simplification of the network retraining and reduction in computational
complexity. Moreover, it supports the operation of a hybrid system that can still override an interpretable
agent’s decisions based on predefined safety rules.

6 MATLAB Simulation and Training Setup

For evaluating the performance of the proposed Safe-DQN-based intelligent switching controller, a
comprehensive simulation framework is developed in MATLAB/Simulink. The environment replicates both
standalone and grid-tied operational conditions for a Modified Capacitor-Assisted Extended Boost Z-Source
Multilevel Inverter (MCA-EB-ZSMI) under variable solar irradiance profiles and load disturbances. This
closed-loop system integrates solar PV modeling, DC-DC impedance network dynamics, multilevel inverter
switching, grid synchronization mechanisms, and the reinforcement learning agent interface.

6.1 Simulink-Based System Configuration

The simulation model is carried out in Simulink, making use of standard Simscape Power Systems and
Control Design blocks. The MCA-EB-ZSMI topology is implemented using cascaded H-bridge submodules
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and the dual-mode interface for both standalone and grid-tied operations. The PV source is modeled by
means of a single-diode equivalent circuit and an Incremental Conductance MPPT algorithm to dynamically
track maximum power point.

In parallel, the DC-link impedance network incorporates inductors L; = L, = 2mH, capacitors C; =
C, = 470 pF, and shoot-through protection based on diodes. The inverter legs use SiC-MOSFET switches
rated at 1.2 kV, switched at a frequency of f;,, =10 kHz. Finally, a second-order LCL filter with L; = 1mH,
Cy = 10yF, as well as a damping resistor R; = 0.5 () are used to simulate output harmonics. Grid voltage is
set at 230 V RMS, 50 Hz, and the load is modeled as a combination of resistive as well as inductive elements
(1kW, 0.9 pf).

A logic-based supervisory block enables dynamic islanding detection and reconnection, thereby switch-
ing between standalone and grid-tied modes based on phase voltage and frequency deviation thresholds.

6.2 RL Agent Training Parameters and Hardware Setup

The reinforcement learning controller is implemented using MATLAB’s Reinforcement Learning Tool-
box. Safe-DQN interacts with the Simulink model via the RL Agent block, exchanging observations/actions
every control step of 50 ps.

The agent is trained through experience replay having buffer size of 10,000 transitions. The training
consists of 1000 episodes, each lasting 0.5 s in simulation. The learning rate is & = 1x 10~%, as well as the
discount factor is y = 0.99. The exploration rate ¢ decays exponentially from 1.0 to 0.01.

The discount factor y was empirically validated through sensitivity analysis, and y = 0.99 consis-
tently yielded stable convergence and superior steady-state performance without compromising controller
responsiveness. Detail training configuration and parameters are given in Table 2.

Table 2: RL training configuration and system parameters.

Parameter Value
Episodes 1000
Step size (At) 5x107°s
Replay buffer size 10,000
Batch size 64
Discount factor y 0.99
Learning rate « alpha 1x107*
Switching frequency 10 kHz
PV max power 2.5kW
Grid voltage 230 V,50 Hz
LCL filter (L, C, R) 1mH, 10 uE 0.5 Q

It should be emphasized that the replay buffer size of 10,000 transitions and the training duration of
1000 episodes are employed exclusively during the offline training phase. These parameters do not affect
the real-time execution of the controller. Once training is completed, the Safe-DQN controller operates in
inference mode only, where no replay bufter access, policy updates, or backpropagation are involved. During
online control, the agent performs a single forward pass through the trained neural network per control step,
resulting in a computational complexity comparable to conventional digital controllers and ensuring fast
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dynamic response. The inference time of the trained Safe-DQN network was measured to be below 100 us
per control step, which is well within the sampling period of the inverter control loop.

Fig. 4 depicts the entire Simulink environment for the training and testing of the Safe-DQN agent. It
underlines the PV block, impedance network, inverter legs, LCL filter, grid/load interface, as well as the
RL agent interaction through the MATLAB RL block. Fig. 5 shows the subsystem of the RL controller of
the system.
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Figure 4: Simulink model overview of MCA-EB-ZSMI with Safe-DQN control.
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Figure 5: Simulation subsystem of RL controller overview.

7 Results and Performance Evaluation

The proposed Safe Deep Q Network based intelligent switching controller for the Modified Capacitor
Assisted Extended Boost Z Source Multilevel Inverter is subjected to a comprehensive evaluation. Its
performance is assessed under both standalone and grid tied operating conditions, considering time domain
response, harmonic quality, and safety critical criteria. Comparative benchmarking is conducted against two
reference controllers: a classical proportional integral controller and a recently reported hybrid Penguin
Optimization Algorithm-Red Fox Algorithm method. In addition, explainability is analyzed using SHAP
based interpretation, and training convergence trends are examined to verify both the transparency of the
controller’s decisions and the stability of its learning process.
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7.1 Standalone Mode Analysis

In standalone mode, the inverter operates as an isolated AC power source subject to dynamic distur-
bances from fluctuating solar irradiance and varying load conditions. The Safe Deep Q Network controller
is evaluated for its ability to regulate the DC link voltage, maintain high quality output voltage waveforms,
and provide rapid response during transient events.

71.1 DC-Link Voltage Regulation

Fig. 6 illustrates the DC link voltage response under changing irradiance conditions from 600 to
1000 W/m?, with the variation occurring at t = 0.5 s. The Safe Deep Q Network agent rapidly adjusts the shoot
through duty ratios to maintain the voltage within +2% of the reference value of 380 V. This performance
significantly surpasses the overshoot levels observed with the PI and POA-RFA controllers, which reached
6.8% and 4.1%, respectively, as reported in Table 3.
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Figure 6: DC-Link voltage regulation under variable irradiance.
Table 3: DC-Link voltage regulation (standalone mode).
Controller Settling Time (ms) Overshoot (%) Steady-State Error (%)
PI 473 6.8 1.9
POA-RFA 35.6 41 1.1
Safe-DQN 21.8 1.7 0.4

Under variable irradiance conditions, changes in solar input inherently shift the photovoltaic operating
point and can lead to deviations in the available DC voltage if no active control is applied. In particular, a rapid
increase in irradiance from 600 to 1000 W/m? alters the PV current-voltage characteristics and may result
in a transient reduction of the DC-link voltage due to impedance mismatch and dynamic loading effects.
However, in the proposed system, the Safe-DQN controller continuously monitors the DC-link voltage and
dynamically adjusts the shoot-through duty ratio of the MCA-EB-ZSMI. By increasing the shoot-through
interval, the impedance network boost factor is enhanced according to the Z-source inverter voltage gain
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characteristics, thereby compensating for irradiance-induced disturbances. As a result, the DC-link voltage
is actively regulated and maintained within +2% of the reference value despite significant variations in solar
irradiance. This behavior confirms that the observed DC-link voltage regulation is a controlled response
enabled by the intelligent switching strategy rather than a passive effect of irradiance variation.

Vi = —2
=1 2Dy,

(29)

where Dy, is the shoot-through duty ratio.

The Safe-DQN controller adaptively modulates Dy, in real time to stabilize V,;. under irradiance
fluctuations.

7.1.2 Output Harmonic Distortion

The inverter output voltage was analyzed using fast Fourier transform under a step load change from
400 to 1000 W. The Safe Deep Q Network controller achieved a total harmonic distortion of 1.82%, which
is significantly lower than the values obtained with the POA-RFA and PI controllers, recorded at 2.91% and
4.63%, respectively. A comparison of harmonic distortion content and total harmonic distortion for the Safe-
DQN and the reference controllers is presented in Fig. 7.
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Figure 7: FFT spectrum of output voltage at 1 kW load.
7.1.3 Dynamic Response

Load step tests show that the Safe Deep Q Network agent adjusts the switching actions within 2 to
3 control steps, equivalent to 150 microseconds, whereas the PI and POA-RFA controllers exhibit slower
transient responses of 400 microseconds and 250 microseconds, respectively. The output voltage overshoot
is limited to 2.5 V for the Safe-DQN controller, compared to 7.8 V for the PI controller and 4.6 V for the
POA-RFA method.

71.4 Current and Voltage Harmonic Performance under Dynamic Loading

In addition to evaluating voltage harmonic distortion, the total harmonic distortion of the output
current was assessed under dynamic load conditions, which is essential for determining current quality
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and ensuring grid compliance. The analysis was conducted during a step load change from 400 to 1000 W,
with fast Fourier transform applied to the steady state current waveform over five fundamental cycles
following the transient, given in Table 4. Load variations typically cause sudden current distortions due to
abrupt changes in system impedance. However, the proposed Safe Deep-Q Network controller adaptively
adjusts the switching pattern to minimize harmonic injection. Consequently, both voltage and current
total harmonic distortions remain within acceptable limits during dynamic loading, demonstrating robust
harmonic suppression that extends beyond variations in steady state irradiance.

Table 4: Voltage and current THD under dynamic load variation.

Controller VTHD (%) ITHD (%)
PI 491 5.34

POA-RFA 3.12 3.46

Safe-DQN 1.96 2.28

The Safe Deep Q Network controller achieves the lowest voltage and current total harmonic distortion
values under dynamic loading, complying with IEEE-519 harmonic standards and demonstrating superior
regulation of current quality.

7.2 Grid-Tied Mode Analysis

In grid tied operation, an inverter must synchronize with the utility grid while regulating active and
reactive power and ensuring smooth transitions during islanding events.

7.2.1 Grid Synchronization and Voltage Tracking

The Safe Deep Q Network controller achieves accurate synchronization with the grid voltage through
a phase locked loop and continuously monitors the phase difference, 0(t). Fig. 8 illustrates that the phase
alignment remains within +0.3 degrees of error across grid frequency variations from 49.5 to 50.5 Hz, as
summarized in Table 5.
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Figure 8: Phase Alignment under Grid Frequency Variation.
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Table 5: Grid synchronization performance.

Controller Phase Error (°) Frequency Error (Hz) Sync Time (ms)
PI +1.6 +0.24 89.3

POA-RFA +0.7 +0.11 62.8

Safe-DQN +0.3 +0.04 33.6

7.2.2 Islanding and Reconnection Behavior

During intentional islanding events, the Safe Deep Q Network agent detects the loss of grid voltage zero
crossings in under 20 ms, initiating the transition to standalone operation. When the grid is restored, the
controller reestablishes phase and voltage synchronization within 50 ms, thereby meeting the requirements
of the IEEE 1547 standard.

7.2.3 Power Quality and Grid Current

The inverter output current waveform remains nearly sinusoidal, with the power factor maintained
above 0.98 across all tested conditions. The total harmonic distortion in the current is limited to 1.7%,
ensuring compliance with IEEE 519 standards.

7.3 Comparative Study with PI and POA-RFA Controllers

Table 6 presents a quantitative comparison of the Safe Deep Q Network controller against PI and POA-
RFA controllers across multiple performance metrics, including voltage regulation, harmonic distortion,
switching losses, and safety violations.

Table 6: Comparative performance across controllers.

Metric PI POA-RFA Safe-DQN
Voltage THD (%) 4.63 2.91 1.82
Voltage Ripple (V) 8.1 4.2 2.6
DC-Link Overshoot (%) 6.8 41 1.7
Switching Loss (W) 13.7 10.4 7.9
Safety Violations (per 100 s) 1 4 0
Efficiency (%) 94.6 96.3 97.8

Fig. 9 presents a comparison of six key performance metrics for the PI, POA-RFA, and Safe Deep Q
Network controllers. The Safe-DQN controller demonstrates superior performance across all metrics, with
notable improvements in reducing harmonic distortion and strictly enforcing safety limits.

7.4 Explainability Evaluation Using SHAP

To assess the interpretability of the Safe Deep Q Network controller’s decisions, SHAP analysis was
conducted over 500 sampled episodes. For each switching action, SHAP values quantify the contribution of
input features, including DC link voltage (V. ), output current (I,,;), and voltage error (e(t)), to the selected
action. In one representative decision during a solar irradiance drop from 700 to 500 W/m?, the SHAP values
were:
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Figure 9: Comparative radar plot of controller performance.

The results indicate that the decision to enter the shoot through mode was primarily influenced by the
rapid drop in DC link voltage. High SHAP values for both V. and e(t) confirm that the agent prioritizes
maintaining voltage stability.

Fig. 10 indicates that the input features V;. and e(t) consistently play significant roles throughout
the episode.
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Figure 10: SHAP summary plot for top 3 features in switching decisions.

The SHAP analysis demonstrates that the switching actions can be interpreted in relation to the system’s
physical dynamics, thereby supporting standard safety certification and facilitating controller debugging, as
summarized in Table 7.
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Table 7: Feature attribution consistency (500 Episodes).

Feature Mean SHAP Value Attribution Frequency (%)
Vi 0.49 92.6
e 0.33 88.3
Aery 0.22 72.4
Tout 0.14 478
Verid 0.1 39.2

7.5 Convergence and Training Metrics

To ensure the learning stability of the Safe Deep Q Network agent, key training metrics were monitored

over 1000 episodes.

7.5.1 Reward Convergence

The average episodic reward increased steadily from —45 to +7 during the first 600 episodes and
stabilized thereafter, indicating convergence toward an optimal policy. Fig. 11 illustrates the reward trajec-
tory, showing a smooth upward trend that reflects early exploration followed by convergence during late

stage exploitation.

7.5.2 Q-Value Stability

Average Episodic Reward
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Figure 11: Episode-wise reward curve.

The maximum predicted Q value stabilized around episode 800, with its variance decreasing to less than
2.1% of the mean, confirming that the policy learning had become stable.

7.5.3 Loss Convergence

The training loss decreased from an initial value of 0.65 to below 0.015 after 900 episodes. The use of
Huber loss helped prevent oscillations and mitigated overfitting during the learning process.
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7.5.4 Safe Action Ratio
The proportion of selected actions that satisfy both voltage and current constraints increased from 73%
to 100% over the course of training. The safe action ratio is defined as follows:

Number of constant — compliant actions

Safe Ratio = (31)

Total actions taken

At convergence, this ratio reached 1.0. Detailed training metrics are summarized in Table 8.

Table 8: Training metrics summary.

Metric Initial Value Final Value (Episode 1000)
Avg. Reward —-45.2 +7.1
Max Q-Value Variance 12.8% 2.1%
Loss (Huber) 0.65 0.014
Safe Action Ratio 73% 100%

7.6 Consolidated Performance Comparison

To provide a clear and unified comparison, Table 9 summarizes the key performance indicators of the PI,
POA-RFA, and Safe-DQN controllers under identical operating conditions. The metrics include harmonic
distortion, efficiency, dynamic response, voltage stability, and safety enforcement, enabling an objective
assessment of overall controller effectiveness.

Table 9: Consolidated performance comparison of controllers.

Performance Metric PI Controller POA-RFA Controller Safe-DQN Controller
Voltage THD (%) 4.63 2.91 1.82
Power Efficiency (%) 94.6 96.3 97.8
DC-Link Overshoot (%) 6.8 4.1 1.7
Settling Time (ms) 473 35.6 21.8
Voltage Ripple (V) 8.1 4.2 2.6
Safety Violations (per 100 s) 11 4 0

As shown in Table 9, the Safe Deep Q Network controller consistently outperforms the conventional
PI and hybrid POA RFA methods across all evaluated performance metrics. In particular, the Safe DQN
controller achieves the lowest voltage total harmonic distortion and the minimum DC link voltage overshoot
while maintaining the highest conversion efficiency. Most importantly, it completely eliminates safety
violations, which highlights the effectiveness of the integrated safe reinforcement learning constraints and
confirms its suitability for reliable real time deployment.

8 Advanced Analysis

In this paper, the operation of the Safe Deep Q Network based switching controller is examined
under a wide range of scenarios to demonstrate its robustness, reliability, and suitability for real world
application in Z-Source Multilevel Inverter systems. The analysis includes harmonic distortion under varying
solar irradiance, stability of output voltage waveforms, switching loss and efficiency evaluation, training
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resource requirements, and robustness against disturbances in environmental and system parameters. These
comprehensive evaluations confirm that the proposed control framework satisfies real time performance
requirements for deployment in smart energy systems.

8.1 Total Harmonic Distortion under Varied Irradiance

First, the harmonic performance of the inverter was analyzed under different solar input conditions,
with irradiance levels ranging from 300 to 1000 W/m?. The total harmonic distortion was computed from
the output voltage waveform using fast Fourier transform analysis over a time window of five fundamental
cycles after the system reached steady state (see Table 10).

Table 10: Voltage THD across different irradiance levels (standalone mode).

Irradiance (W/m?) PI Controller (%) POA-RFA (%) Safe-DQN (%)
300 5.92 3.88 2.54
500 5.27 3.31 2.13
700 4.78 2.94 1.92
900 4.43 2.65 1.74
1000 4.12 2.43 1.63

The Safe Deep Q Network controller consistently maintains the total harmonic distortion below 2.6%,
demonstrating superior adaptability compared to both the PI and hybrid controllers, even under low
irradiance conditions.

Fig. 12 illustrates the reduction in total harmonic distortion as irradiance increases, with the Safe Deep-
Q Network controller consistently achieving the lowest distortion across all compared operating conditions.

—PI Controller
——POA-RFA Controller | |
~———Safe-DQN Controller

Voltage THD (%)

300 400 500 600 700 800 900 1000
Irradiance (W/m?)

Figure 12: THD vs. Irradiance plot (standalone mode).

8.2 Voltage Stability Metrics

The inverter output voltage was further evaluated using time domain stability indicators, including the
mean value, variance, maximum overshoot, and settling time across all irradiance levels. Let V,,; denote the
output voltage signal given in Table 11. The corresponding stability metrics are defined as follows:
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Table 11: Voltage stability metrics at 800 W/m?.

Metric PI POA-RFA Safe-DQN
Mean (V) 225.3 229.1 230.1
Variance (V?) 8.42 3.16 1.28
Overshoot (V) 7.2 3.9 2.1
Settling Time (ms) 61.4 42.7 25.2

¢ Mean Voltage: y = %/OT Vour(t)dt

«  Variance: 0% = %[OT (Vo () — )* dt

«  Overshoot: M, = max(Vour(t)) = Vies
Settling Time: Time to stay within +2% of V..

The Safe Deep Q Network controller is observed to provide the most stable output with the lowest
variance among the evaluated methods. A fast-settling time is another key characteristic of the proposed
system. Fig. 13 shows that the output voltage stabilizes smoothly and rapidly after a load step from 600 to
1000 W, with negligible overshoot and a settling time of less than 25 ms.
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Figure 13: Output voltage response under load step (Safe-DQN).

8.3 Switching Loss and Efficiency

Switching loss (P;,,) as well as overall efficiency were calculated using the following equations:
Psw :Esw'fsw'Ns (32)

n = Lot 100 (33)
in

where Ej,, denotes as the energy lost per switching event, f;, = 10kHz, and N; as the average number of

switch transitions per period. In this simulation, Es,, = 0.25 m] (from SiC-MOSFET datasheet), and P,,; has

been measured using root mean square (RMS) values of inverter output voltage as well as current which is

given in Table 12.

Fig. 14 presents the switching losses associated with each control strategy and compares the performance
of the different controllers, showing that the Safe Deep-Q Network controller significantly reduces switching
stress. By minimizing unnecessary switching actions, the Safe-DQN controller improves overall efficiency
and extends the operational lifetime of the power electronic devices.
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Table 12: Switching loss and efficiency comparison.

Controller Avg. Switches/Cycle P, (W) Efficiency (%)
PI 9.6 13.7 94.6
POA-RFA 7.8 10.4 96.3
Safe-DQN 6.1 7.9 97.8
16
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Figure 14: Switching loss comparison.

8.4 Training Complexity

Training complexity was assessed by analyzing the convergence time, computational cost in terms of
memory and CPU usage, and the number of episodes required to achieve a stable reward. On a standard
workstation equipped with an Intel i5 processor, 27 GB of RAM, and an RTX 3050 GPU, training the Deep-Q
Network agent for 1000 episodes required approximately 5.2 h. The replay buffer consumed about 920 MB
of memory, and peak GPU utilization reached nearly 62%, as reported in Table 13.

Table 13: Training complexity metrics.

Parameter Value
Episodes to Convergence 720
Total Training Time 52h
Avg. Reward Convergence —-45 —> +71
Max Memory Usage 920 MB
Peak GPU Utilization 62%

The training rewards plotted against time in Fig. 15 show smooth convergence beginning around 720
episodes. This behavior supports the conclusion that the Safe Deep-Q Network controller is computationally
feasible and can be trained offline for subsequent real time deployment.
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Final Avg. Reward = +7.1

Average Episodic Reward

0 200 400 600 800 1000
Training Episodes

Figure 15: Training reward vs. Time (Safe-DQN convergence).

8.5 Robustness to Parametric and Environmental Disturbances

For evaluating robustness, the controller was tested under the following conditions:

o +10% variation in PV model parameters (series resistance R, shunt resistance Ry, and diode ideality n),
«  Sudden irradiance drops (from 1000 to 300 W/m? within 0.3 s),

»  Load change from 0.5 to 1.5 kW within 0.2 s.

o  The following performance degradation metrics were defined:

«  Voltage Deviation: AV = V,,r = Vyy;.

e  THD Increase: Difference in harmonic distortion before and after disturbance.

«  Safety Violation Count: Events when V. > V4. or Loyt > Iipax.

Fig. 16 demonstrates a stable control response under a severe solar irradiance drop, with only a minor
voltage sag and rapid recovery, as summarized in Table 14.
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Figure 16: Output voltage during sudden irradiance drop.
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Table 14: Robustness performance under disturbances.

Test Case AV (V) THD Increase (%) Safety Violations
+10% R; 2.3 0.31 0
-10% R, 3.5 0.48 1
Irradiance Drop (1000 — 300) 6.2 0.89 0
Load Increase (0.5 kW — 1.5 kW) 4.9 0.71 0

The Safe Deep-Q Network controller, when applied under these test scenarios, ensures safe and stable
operation with only a slight reduction in output harmonic quality and without any critical failures. The
comprehensive analysis confirms that the Safe DQN controller consistently delivers superior performance
under stressed operating conditions. It maintains acceptable harmonic quality under highly variable solar
conditions, ensures strict voltage stability, achieves high efficiency with minimal switching losses, and
remains computationally feasible. Moreover, its robust behavior under parametric uncertainties and dynam-
ically changing environmental conditions confirms its readiness for real-time implementation in intelligent
solar inverter systems.

9 Discussion

The simulation results and detailed analyses for both standalone and grid tied operating modes clearly
demonstrate the superior performance of the Safe Deep-Q Network based switching controller compared
to classical and hybrid control schemes. The proposed approach provides consistent improvements in key
performance aspects, including voltage stability, harmonic reduction, safety enforcement, and system trans-
parency. This section discusses the comparative advantages of the Safe DQN architecture, the interpretability
benefits enabled by explainable artificial intelligence, the effectiveness of using a unified control strategy for
both operating modes, and the limitations that should be addressed in future research.

9.1 Comparative Advantages of Safe-DQN-Based Control

The primary advantage of the Safe Deep Q Network controller lies in its ability to learn optimal switching
strategies through continuous interaction with the operating environment. Unlike conventional approaches,
no predefined switching rules or heuristic tuning are required in the Safe DQN framework. While PI
controllers rely on fixed linear feedback gains and POA RFA based methods search within predefined
switching spaces, the reinforcement learning agent directly observes the nonlinear closed loop behavior
of the system and adapts its control actions to changing disturbances over time. The integration of safe
reinforcement learning constraints further ensures that the learned policy strictly adheres to hardware
limitations and safety bounds during both training and deployment.

As reported in the analysis, the Safe DQN controller reduces total harmonic distortion by approximately
50 to 60 percent compared to the PI controller, improves dynamic settling performance by more than
40 percent, and decreases switching losses by nearly 42 percent. These performance gains translate into
higher system efficiency, improved power quality, and extended operational lifetime of power electronic
components.
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9.2 Role of XAI in Enhancing Reliability and Trust

One of the most significant obstacles to the real world deployment of deep learning based controllers
is their black box nature. In safety critical domains such as power electronics, interpretability is essential for
debugging, validation, and regulatory certification.

To address this challenge, SHAP based feature attribution was integrated into the Safe Deep Q Network
framework to provide both local and global transparency of the decision making process. The SHAP analysis
consistently showed that the control actions were primarily influenced by physically meaningful variables,
such as the DC link voltage and voltage error, indicating that the learned policy aligns well with established
domain knowledge. This level of interpretability enhances trust in Al based control strategies and supports
hybrid operational frameworks in which AI decisions can be audited, explained, or overridden by human
operators under abnormal or adverse conditions.

9.3 Unified Control for Standalone and Grid-Tied Modes

A distinctive feature of the proposed approach is the use of a single intelligent controller that can
operate effectively in both standalone and grid tied configurations. Conventional control strategies typically
require separate control architectures for each operating mode, which increases system complexity and
integration effort.

The Safe Deep Q Network framework maintains flexibility and consistent behavior by incorporating grid
condition variables into the state space, allowing the agent to learn appropriate switching policies for each
mode of operation. This unified control strategy simplifies both the hardware and software stacks and ensures
smooth and reliable behavior during critical mode transitions, such as islanding and grid reconnection.

9.4 Comparative Analysis with Existing Techniques

The proposed Safe Deep Q Network controller clearly outperforms current state-of-the-art Al and
conventional inverter control methods in terms of performance, safety, and interpretability. Saadatmand et al.
(2021) [40] investigated an adaptive critic design for grid connected inverters, achieving modest reductions
in total harmonic distortion but without guarantees of safety or real-time enforcement of constraints.
In contrast, our Safe-DQN controller enforces safety constraints with zero violations while operating in
real time.

Liu et al. (2023) [41] applied reinforcement learning to tune model predictive control for power
converters to improve harmonic performance. However, their approach relied on accurate system models
and did not provide interpretability. Our method is model free and incorporates SHAP based analysis to
offer transparent decision explanations. Bo et al. (2022) [42] proposed an RL based weight tuning strategy
for MPC controllers, which required offline tuning and offered no safety guarantees. By comparison, the
Safe-DQN agent adapts online while enforcing both voltage and current safeguards.

In the context of volt var control, Liu et al. (2025) [43] implemented robust deep reinforcement learning
for inverter-based distribution networks to regulate voltage, but their work did not address converter level
switching or total harmonic distortion. Our approach, however, explicitly handles inverter level switching
and is validated with switching loss and efficiency metrics. Li et al. (2025) [44] theoretically proposed a
Lipschitz aware explainability framework for power electronics, whereas our SHAP based module provides
concrete, actionable interpretability for controller decisions. Finally, Das et al. (2025) [45] explored DRL
based gain tuning for inverter stability but did not incorporate safe reinforcement learning or real-time
switching control.



Energy Eng. 2026;123(7):20 33

The defining strength of our approach lies in the integration of real-time learning, safety constraint
enforcement, and explainable decision making within a single controller, as summarized in Table 15.

Table 15: Comparison of key prior studies vs. Safe-DQN + XAL

Saf Explain- Real-Ti
Study (Year) Method Focus Area a et).r XP, a‘m ca 11.ne
Constraints Ability Adaptation
Saadatmand  Adaptive critic Grid-connected
N N Limited
etal. (2021) [40] RL inverter THD ° © e
Liu et al. Harmonic reduction
RL-tuned MPC Partial N Ofiline tuni
(2023) [41] Hne in converters artia © e thning
Boetal. RL weight Weight optimization , .
N N Offline t
(2022) [42]  tuning for MPC in MPC © © te ting
Liu et al. Robust DRL for  Distribution voltage ) Yes
, Partial No
(2025) [43] Volt-VAR control (network-level)
Lietal Lipschitz-based Mathematical No Theoretical Not
(2025) [44] XAI theory explainability implemented
Das et al. DR,L gan Gain optimization for . .
. tuning for _ No No Offline policy
(2025) [45] ° inverter loop
stability
This Work Safe-DQN + ZSMI switching + Real-time,
Ye Ye HAP
(2025) SHAP inverter control e es (S ) unified

9.5 Discussion on Multi-Objective Optimization Considerations

From a broader perspective, multi-objective optimization approaches could offer enhanced flexibility in
explicitly balancing conflicting objectives such as total harmonic distortion, efficiency, and switching stress.
However, such methods often rely on offline optimization or evolutionary strategies that are not directly
compatible with fast-varying solar and grid conditions.

In contrast, the proposed Safe-DQN framework effectively transforms the control problem into a safety-
constrained sequential decision-making task. By prioritizing voltage stability as the main objective and
enforcing safety and power-quality requirements through constraints, the controller avoids objective conflict
while maintaining superior performance across all evaluated metrics. This design choice also facilitates
explainability through SHAP analysis, as the decision logic is not obscured by multi-objective trade-offs.

Nevertheless, extending the proposed framework toward hierarchical or lexicographic multi-objective
reinforcement learning remains a promising direction for future work, particularly for scenarios involving
market-driven objectives or adaptive efficiency-lifetime trade-ofts.

9.6 Limitations and Challenges

While the results are promising, several limitations remain. First, the current training process is con-
ducted entirely offline. The learned policy is fixed once deployed and cannot adapt in real-time to unforeseen
environmental conditions or hardware faults. Although retraining is possible, it requires significant time
and resources.
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The results, however, are promising; nonetheless, a few limitations exist. The first limitation is that
the training process is completely offline. Hence, the learned policy can no longer adapt to unforeseen
environmental effects or hardware faults in real-time once it is deployed, although it may be retrained, which
may take a considerable amount of time and effort.

Second, the training time and computational expense, while manageable in research, might be prob-
lematic in low-resource environments or embedded systems. The current framework has not yet been ported
to a real-time embedded platform such as DSPs or FPGAs [46].

Third, the interpretability module while helpful and currently operates post hoc. It does not influence
the training process or contribute to action selection in real time. Integrating explainability directly into the
training loop remains a valuable direction for future work.

9.7 Threats to Validity

Despite the encouraging results obtained in this study, certain internal and external factors may
influence the generalizability and robustness of the presented findings. From an internal validity perspective,
the proposed Safe-DQN controller is trained and evaluated within a high-fidelity MATLAB/Simulink
environment, where the plant dynamics, sensor noise, and switching behavior are accurately modeled
but may not fully capture all nonidealities present in real hardware, such as electromagnetic interference,
component aging, and unmodeled parasitic effects. In addition, the reinforcement learning policy is trained
offline using a finite set of irradiance and load profiles, which, although diverse, may not encompass all
possible operating scenarios encountered in long-term field operation.

External validity threats primarily relate to the transferability of the learned policy to different inverter
ratings, multilevel configurations, or alternative Z-source impedance network designs. While the proposed
framework is topology-aware and modular, the numerical values of safety limits, reward weights, and
training hyperparameters may require re-tuning when applied to systems with significantly different power
levels or grid codes. Furthermore, the explainability analysis is conducted using SHAP-based feature
attribution, which provides post-hoc interpretability but does not guarantee complete causal transparency
of all control decisions.

Finally, the absence of experimental hardware validation represents a limitation with respect to real-
time deployment readiness. Although extensive simulations under dynamic irradiance, load disturbances,
and grid transitions are presented, hardware-in-the-loop or laboratory-scale experimental testing would
further strengthen confidence in the proposed approach. These limitations are acknowledged as part of the
ongoing research effort and will be addressed in future work through real-time embedded implementation
and experimental validation.

10 Conclusion and Future Work

This work presents a novel Safe and Explainable Deep Q Network (Safe-DQN) based intelligent switch-
ing control framework for the Modified Capacitor Assisted Extended Boost Z Source Multilevel Inverter
(MCA-EB-ZSMI) operating in both standalone and grid tied modes. The controller combines safety aware
reinforcement learning with SHAP based explainability to achieve high performance, secure operation, and
transparent decision-making. Extensive simulation results demonstrate that the Safe-DQN agent delivers
superior voltage regulation, very low total harmonic distortion, reduced switching losses, and enhanced
adaptability to disturbances, outperforming conventional PI and hybrid POA-RFA controllers. Moreover,
the XAI module enhances system trustworthiness by providing feature level insights into control decisions.
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Future work will focus on extending the controller to online adaptive learning through continual
reinforcement learning for dynamic grid environments. Real time hardware implementation on DSP or
FPGA platforms will be explored to validate practical applicability. Additionally, integrating battery energy
storage systems and developing a multi agent RL framework for coordinated PV-battery-grid control are
anticipated. Further research will also aim to embed interpretability directly into the RL training process and
improve generalization across different inverter topologies, supporting the development of intelligent, safe,
and explainable power electronic systems.
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Nomenclature

Symbols

A Action space of the reinforcement learning agent
Dy, Shoot-through duty ratio

E, Energy loss per switching event (J)

fow Switching frequency (Hz)

Tous Inverter output current (A)

Lax Maximum allowable output current (A)
Q(s,a) Action-value function

r(t) Reward at time ¢

S System state at time ¢

Ve DC-link voltage (V)

Vmax Maximum allowable DC-link voltage (V)
Vier Reference DC-link voltage (V)

y Discount factor

n Lyapunov stability constant
Abbreviations

Al Artificial Intelligence

DQN Deep Q-Network

INC Incremental Conductance

ITHD Current Total Harmonic Distortion
MLI Multilevel Inverter

MPPT Maximum Power Point Tracking
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PV Photovoltaic

RL Reinforcement Learning

Safe-RL Safe Reinforcement Learning

THD Total Harmonic Distortion

XAI Explainable Artificial Intelligence

ZSMI Z-Source Multilevel Inverter
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