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1. Introduction 

          The rapid transition of modern power systems 

from conventional fossil-fuel-based generation to 

renewable energy-dominated networks has 

fundamentally transformed the operational 

characteristics of distribution systems. Among 

renewable energy sources, photovoltaic (PV) 

 

A B S T R A C T 

This study proposes a Quantum Reinforcement Learning-based Distribution Static 

Compensator (QRL-DSTATCOM) for transient power quality enhancement in high-

penetration photovoltaic (PV) distribution systems. Increasing integration of PV 

generation introduces significant challenges, including voltage instability, harmonic 

distortion, and power factor degradation due to stochastic irradiance and rapid load 

fluctuations. To address these issues, a hybrid quantum-classical reinforcement learning 

framework is developed, incorporating quantum state encoding and amplitude-

enhanced exploration to improve learning efficiency and control performance. The 

proposed QRL-DSTATCOM enables faster convergence and superior policy 

optimization compared to conventional RL-based compensators. The system is 

modeled and validated in MATLAB/Simulink under diverse operating scenarios, 

including variable irradiance, sudden load changes, and grid fault conditions. 

Simulation results demonstrate that the proposed approach achieves 43–50% faster 

stabilization time, significantly reduced total harmonic distortion (THD) well within 

IEEE-519 limits, and maintains bus voltage within ±5% of nominal values under severe 

disturbances. Overall, the framework validated using OPAL-RT real time software and 

presents a scalable and intelligent solution for next-generation smart distribution 

networks with high renewable energy penetration, ensuring improved stability, 

robustness, and power quality performance. 
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generation has experienced substantial growth due to 

its environmental benefits, declining installation 

costs, and widespread deployment. However, the 

increasing penetration of PV systems introduces 

significant challenges to power quality (PQ) and grid 

stability because of the intermittent and stochastic 

nature of solar energy. Variations in solar irradiance 

caused by cloud movement, rapid fluctuations in load 

demand, bidirectional power flow, and harmonic 

emissions from power electronic converters create 

highly dynamic operating conditions within 

distribution networks. 

Traditionally, Distribution Static Compensators 

(DSTATCOMs) have been employed to enhance 

power quality by providing reactive power 

compensation, mitigating voltage sags and swells, 

improving power factor, and maintaining voltage 

stability. Conventional DSTATCOM controllers, 

typically based on proportional–integral (PI) 

regulators or rule-based strategies, perform 

satisfactorily under relatively stable grid conditions. 

However, these approaches exhibit several 

limitations when subjected to rapidly changing 

operating environments. Fixed controller parameters, 

limited adaptability, slower dynamic response, and 

reduced disturbance rejection capability often result 

in degraded performance during severe fluctuations 

in renewable generation and load demand. 

Consequently, maintaining compliance with stringent 

power quality standards such as IEEE-519 becomes 

increasingly difficult. 

To address these challenges, intelligent control 

techniques based on Reinforcement Learning (RL) 

have been investigated for adaptive reactive power 

compensation and inverter control. RL-based 

methods improve decision-making by learning 

optimal control actions from system interactions. 

Nevertheless, classical RL algorithms often suffer 

from slow convergence, high computational 

complexity, and difficulties associated with large 

state-action spaces. Their performance may 

deteriorate under highly nonlinear, uncertain, and 

fault-prone operating conditions commonly 

encountered in modern PV-integrated distribution 

systems. 

Quantum Reinforcement Learning (QRL) has 

recently emerged as a promising solution that 

combines the learning capabilities of classical RL 

with quantum-inspired computational principles such 

as superposition, entanglement, and amplitude-

enhanced exploration. By enabling simultaneous 

evaluation of multiple state-action possibilities, QRL 

significantly improves exploration efficiency and 

accelerates convergence toward optimal control 

policies. When integrated with DSTATCOM 

technology, QRL enhances real-time reactive power 

compensation, strengthens DC-link voltage 

regulation, and provides rapid adaptation to grid 

disturbances. The quantum-enhanced learning 

framework improves voltage regulation, reduces total 

harmonic distortion (THD), and increases operational 

robustness under conditions such as partial PV 

shading, sudden load variations, and transient fault 

events. 

The integration of QRL with DSTATCOM systems 

represents a significant advancement in intelligent 

power electronic control for future smart grids. By 

offering faster transient response, superior harmonic 

mitigation, and enhanced voltage stability, QRL-

enabled DSTATCOMs provide an effective solution 

for maintaining power quality in renewable-rich 

distribution networks. Furthermore, future 

developments in quantum-inspired computing 

architectures and scalable multi-agent learning 

frameworks are expected to extend the applicability 

of this technology to large-scale smart distribution 

systems, supporting reliable, adaptive, and resilient 

grid operation under increasingly complex and 

uncertain conditions. 

 
Figure 1. Quantum Reinforcement Learning–enabled 

DSTATCOM architecture 
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           Figure 1 below shows a Quantum 

Reinforcement Learning-enabled DSTATCOM 

architecture that aims at improving transient power 

quality in high-penetration PV distribution feeders. 

Power is fed by the PV system to the grid at the PCC 

by an MPPT-controlled DC-AC inverter. The 

voltages and current signals are detected, filtered 

against noise, and coded into quantum states and fed 

into the RL agent. Depending on grid conditions, 

disturbances, and fault identification, the agent 

optimized actions cause the DSTATCOM to take 

adaptive compensatory actions, and a classical 

controller runs in parallel to compare the baseline. A 

Power Quality Index Estimator generates rewards and 

a replay buffer can store experience to be used in a 

constant stream of learning. 

Omoboye et al. [1] studied the effect of D-

STATCOM and SVC on the performance of low-

voltage radial distribution networks and showed that 

the application of D-STATCOM makes the system 

perform better in terms of voltage regulation, reactive 

power compensation, and harmonic mitigation, thus 

improving the overall power quality performance. 

Suryawanshi et al. [2] presented an adaptive 

DSTATCOM controller with a hybrid Neural 

Network–BAT optimization technique, which 

minimized total harmonic distortion and enhanced 

voltage stability under different operating conditions. 

Mangaraj et al. [3] presented a DBLN-based IC-

DSTATCOM approach for power-line conditioning 

and achieved significant improvements in harmonic 

compensation, load balancing, and power factor 

correction in distribution systems. Mahla and Garg 

[4] presented an E-SOGI-controlled DSTATCOM in 

combination with wind energy and showed better 

voltage regulation, disturbance rejection, and power 

quality improvement. Kaliappan et al. [5] compared 

different optimization techniques used in hybrid 

microgrids and found that advanced metaheuristic 

techniques provide better energy management and 

operational efficiency. Wu et al. [6] developed a 

frequency-constrained economic dispatch model for 

a microgrid to achieve frequency stability and 

economic operation. Narendra Babu [7] discussed 

adaptive grid-connected inverter control schemes and 

smart adaptive control as potential solutions for 

future power-quality improvement in microgrid-

based power systems. Bai et al. [8] proposed a Fast S-

Transform and enhanced CNN-LSTM hybrid model 

for power-quality disturbance classification, 

achieving high classification accuracy in complex 

operating environments. Zhu et al. [9] proposed a 

novel decomposition and detection framework for 

complex power-quality disturbances that can 

correctly identify complex disturbances and enhance 

disturbance analysis performance. Rajendran et al. 

[10] reviewed the integration of solar photovoltaic 

systems with smart grids and presented challenges, 

standards, grid codes, and future prospects for 

renewable energy deployment. Meziane et al. [11] 

introduced a hierarchical two-layer MPC-supervised 

management approach for inverter-based microgrids, 

where the first layer increases operational efficiency 

and the second enhances system flexibility. Chen et 

al. [12] developed an intelligent controlled 

DSTATCOM (IDC) system to improve voltage 

profile, power factor, and harmonic suppression in 

distribution networks. SivaramKrishnan et al. [13] 

proposed a smart EV charging system incorporating 

solar PV and UPQC, which stabilized the grid and 

enhanced power quality using the HBA-MORARNN 

algorithm. Wu et al. [14] proposed a CNN-LSTM-

Attention-based solar PV forecasting model that 

incorporated twenty-four solar term divisions to 

improve forecasting accuracy. Hu et al. [15] proposed 

a hybrid CNN-LSTM-Attention model based on 

neighboring station information and achieved 

superior short-term PV power prediction results. 

Ledmaoui et al. [16] proposed a CNN-based 

photovoltaic fault detection and classification system 

implemented using PyQt5, achieving a diagnostic 

accuracy of 99.4%. Alharkan et al. [17] proposed a 

dual-stream CNN-LSTM model for solar power 

generation prediction and achieved better forecasting 

performance than existing methods. Vali et al. [18] 

proposed a deep learning-based controller for parallel 

DSTATCOM systems that significantly enhanced 

power quality and dynamic compensation 

performance. Wang et al. [19] employed a hybrid-

algorithm-optimized Bi-LSTM network to improve 

short-term PV power forecasting accuracy. Kiasari 

and Aly [20] summarized artificial intelligence-based 

control strategies for FACTS devices and their 

applications in modern power-quality management. 

Ren et al. [21] presented a CNN-based wind turbine 

forecasting architecture that considers meteorological 

data and demonstrated higher forecasting accuracy 

for ultra-short-term PV power prediction compared 

with the BP model. Garcia et al. [22] compared CNN, 

LSTM, and CNN-LSTM approaches for power-

quality disturbance classification and concluded that 

the CNN-LSTM approach provides the best 

performance. Bui Duy et al. [23] optimized the input 

parameters of an LSTM model for solar power 

forecasting, resulting in improved prediction 

accuracy and robustness. Okwako et al. [24] designed 

a neural-network-controlled solar PV battery-based 

UPQC that successfully compensated for power-
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quality disturbances during grid-connected operation. 

Bai et al. [25] further validated the effectiveness of 

Fast S-Transform and CNN-LSTM-based 

disturbance classification methods for complex 

power-quality events. Karchi et al. [26] suggested an 

adaptive least mean square (ALMS) controller for 

photovoltaic systems to achieve harmonic mitigation 

and voltage regulation. Iweh et al. [27] explored the 

conditions, challenges, benefits, and possible 

solutions for integrating distributed and renewable 

generation resources into power grids. Ganthia et al. 

[28] studied voltage sag compensation using a DVR-

based voltage restoration algorithm with a PI 

controller and analyzed its restoration capability 

during voltage sag events. Ganthia et al. [29] 

investigated the performance of MPPT in 

photovoltaic systems using a fuzzy logic controller 

and achieved improved energy extraction efficiency. 

Rubavathy et al. [30] introduced a multi-agent system 

for distributed monitoring and control in smart-grid-

based transmission networks. Sahu et al. [31] 

designed a multiphase interleaved boost converter 

that provides improved conversion efficiency and 

reduced ripple content in grid-connected photovoltaic 

systems. Mohanty et al. [32] proposed a dynamic 

PSO with ESC algorithm under partial shading 

conditions to improve stability and output 

consistency in photovoltaic power smoothing 

systems. Suresh et al. [33] designed a reduced-rating 

hybrid DSTATCOM for three-phase four-wire 

distribution systems and demonstrated effective 

compensation of power-quality disturbances. Hussain 

et al. [34] presented a delayed LMS-based adaptive 

control scheme for PV-DSTATCOM systems and 

observed improved dynamic performance and 

harmonic suppression. Kundela et al. [35] discussed 

the operation of inductively coupled DSTATCOM 

and demonstrated considerable improvement in 

voltage regulation and power-quality parameters. 

Yarlagadda et al. [36] developed a DSTATCOM-

based closed-loop control strategy to regulate the 

terminal voltage of wind power plants under load 

disturbances and obtained effective results. Li et al. 

[37] suggested a voltage self-stability control 

approach for STATCOM applications in photovoltaic 

power stations and achieved subsynchronous 

oscillation damping under weak-grid conditions. 

Hurkadli and Kulkarni [38] proposed a coordinated 

energy management and reactive power control 

scheme involving electric vehicles to enhance 

microgrid voltage stability. Thomas and N. [39] 

presented a D-STATCOM-based voltage control 

strategy for single-phase grid-tied systems and 

demonstrated improved voltage regulation 

performance. A hybrid solution for power quality 

enhancement using renewable energy sources was 

introduced by Kumar and Gopalakrishnan, which 

resulted in better reliability and performance of the 

system [40]. It also achieves 43–50% faster response 

and improved robustness under stochastic 

disturbances, confirming its enhanced dynamic 

performance and suitability for real-time smart grid 

applications with high PV penetration. 

2. System Architecture and Modelling 

          The proposed System Architecture of a 

Quantum Reinforcement Learning-enabled 

DSTATCOM is aimed at providing a well-stabilized 

transient power quality in distribution grids based on 

large photovoltaic penetration of PV. With the advent 

of the high rate of solar integration that causes fast 

changes in power, voltage drops, harmonic distortion, 

and unbalanced supply currents, the control 

infrastructure needs to be adaptive and compensating 

at high speeds. The architecture shows that PV 

generation, DC-link energy storage, and three-phase 

VSC are combined and interfaced at the PCC. 

Voltage, current and harmonics are measured in real 

time and pass to a Quantum Reinforcement Learning 

controller which then controls the switching actions 

optimally.  

 

2.1 PV-integrated distribution 

 

      PV-integrated distribution feeder is the basic 

electrical structure in contemporary smart grids in 

which distributed solar generation is connected to the 

utility structure. It uses a detailed two-diode model of 

the photovoltaic source, which allows the nonlinear I 

V characteristics to be correctly replicated at realistic 

operating conditions. The model uses dynamic 

irradiance variations and partial-shading conditions 

to capture rapid intermittencies due to the movement 

of clouds and dust deposits, as well as, inappropriate 

matching of PV modules performance. The effects 

cause variations in the PV output voltage, current and 

power and can result in the feeder becoming unstable 

unless mitigated accordingly. An LC filtering stage 

which removes switching harmonics of the inverter 

and ensures interface compliance with the quality 

requirements of grid voltages links the feeder to the 

grid at the Point of Common Coupling (PCC). At the 

consumer end, load conditions are modeled using 

hybrid linear and nonlinear load models and load rich 

harmonic content is induced and abrupt load changes 

to simulate commercial and industrial conditions. 

These complicated load situations make voltage 

imbalance, cumulative harmonic distortion and 
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power factor degradation worse, particularly during 

high-penetration PV conditions.  

PV single-diode I–V model (cell): 

 

𝐼𝑐𝑒𝑙𝑙 = 𝐼𝑝ℎ = 𝐼𝑠 (𝑒𝑥𝑝 (
𝑉𝑐𝑒𝑙𝑙+𝐼𝑐𝑒𝑙𝑙𝑅𝑠

𝑛𝑉𝑡
) − 1) −

(
𝑉𝑐𝑒𝑙𝑙+𝐼𝑐𝑒𝑙𝑙𝑅𝑠

𝑅𝑠ℎ
)      (1) 

 

PV array scaling (array current & voltage): 

 

 

𝐼𝑝𝑣 = 𝑁𝑝𝐼𝑐𝑒𝑙𝑙  , 𝑉𝑝𝑣 = 𝑁𝑠𝑉𝑐𝑒𝑙𝑙                       (2) 

 

 

DC-link voltage dynamics: 

 

𝐶𝑑𝑐
𝑑𝑡𝑉𝑑𝑐

𝑑𝑡
= 𝐼𝑝𝑣 − 𝐼𝑐𝑜𝑛𝑣 − 𝐼𝑙𝑜𝑠𝑠                  (3) 

 

Shunt VSC filter dynamics d-axis (synchronous 

frame): 

 

𝑖𝑠𝑑 =
1

𝐿𝑓
(𝑣𝑠𝑞 − 𝑅𝑓𝑖𝑠𝑞 − 𝑣𝑐𝑞) − 𝜔𝑖𝑠𝑑                     (4) 

 

Series VSC injected voltage relation (d-q): 

 

𝑣𝑝𝑐𝑐,𝑑 = 𝑣𝑔𝑟𝑖𝑑,𝑑 + 𝑣𝑖𝑛𝑗,𝑑     , 𝑣𝑝𝑐𝑐,𝑞 = 𝑣𝑔𝑟𝑖𝑑,𝑞 + 𝑣𝑖𝑛𝑗,𝑞                 

(5) 

 

PCC voltage deviation (magnitude or component): 

 

         𝛥𝑉 = 𝑉𝑝𝑐𝑐 + 𝑉𝑟𝑒𝑓                                          (6) 

 

Reverse Saturation Current of PV Cell: 

 

𝐼𝑂 = 𝐼𝑂,𝑟𝑒𝑓 (
𝑇

𝑇𝑟𝑒𝑓
)

3

 𝑒𝑥𝑝 [
𝑞𝐸𝑔

𝑘
(

1

𝑇𝑟𝑒𝑓
−

1

𝑇
)]       (7) 

 

PV Output Power: 

 

𝑃𝑃𝑉 = 𝑉𝑃𝑉𝐼𝑃𝑉 = (𝑉𝑂𝐶 − 
𝑉𝑂𝐶−𝑉𝑚𝑝𝑝

𝐼𝑆𝐶
𝐼𝑃𝑉) 𝐼𝑃𝑉  (8) 

 

Maximum Power Point Tracking (MPPT) Condition: 

 
𝑑𝑃𝑃𝑉

𝑑𝑉𝑃𝑉
= 𝐼𝑃𝑉 + 𝑉𝑃𝑉 

𝑑𝐼𝑃𝑉

𝑑𝑉𝑃𝑉
= 0                           (9) 

Power Balance Equation for PV-DSTATCOM 

System: 

 

𝑃𝑃𝑉 + 𝑃𝑔𝑟𝑖𝑑 = 𝑃𝑙𝑜𝑎𝑑 + 𝑃𝑙𝑜𝑠𝑠 + 𝑃𝐷𝑆𝑇𝐴𝑇𝐶𝑂𝑀   (10) 

 

Thus, the PV-based feeder is a problematic 

dynamically changing system that necessitates high-

level adaptive compensators, such as DSTATCOM, 

to provide stable, reliable, and high-quality power. 

 

2.2 Distribution Static Compensator 

(DSTATCOM) 

 

           Distribution Static Compensator 

(DSTATCOM) is fitted with a three step Voltage 

Source Inverter (VSI) with high frequency Insulated 

Gate Bipolar having fast switching capability and 

high reliability in distribution-level power 

conditioning Transistors (IGBTs) Transistors 

(IGBTs) are used to provide fast switching and a high 

level of reliability. The VSI connects to the grid in a 

shunt mode, and two-way exchange of reactive power 

is permitted to ensure that the desired level of voltage 

is applied at the Point of Common Coupling (PCC). 

Instantaneously injecting or absorbing the reactive 

current can alleviate the voltage sags, imbalance, and 

enhance the power factor in the face of scale changing 

loads and PV generated conditions. This enhances 

general resilience and stability of the feeder 

especially in areas where there are intermittently 

renewable energies. 

DC-Link Voltage Dynamics of DSTATCOM: 

𝐶𝑑𝑐
𝑑𝑉𝑑𝑐

𝑑𝑡
= 

𝑃𝑖𝑛𝑣−𝑃𝑙𝑜𝑎𝑑

𝑃𝑑𝑐
       (11) 

𝐶𝑑𝑐 is the DC-link capacitor that stores energy, while 

𝑉𝑑𝑐 is its voltage. 𝑃𝑖𝑛𝑣  is the active power injected by 

inverter (from PV or grid), and 𝑃𝑙𝑜𝑎𝑑  is the consumed 

load power. 

This relationship is used in voltage regulation, control 

design, and DC-link stability analysis. 

Instantaneous Active and Reactive Power (αβ frame): 

𝑆 = 𝑃 + 𝑗𝑄 =  
3

2
(𝑣𝛼𝑖𝛼 + 𝑣𝛽𝑖𝛽) +  𝑗

3

2
(𝑣𝛽𝑖𝛼 − 𝑣𝛼𝑖𝛽)     

(12) 

Here, 𝑣𝛼, 𝑣𝛽 and 𝑖𝛼, 𝑖𝛽 are voltage and current in the 

stationary αβ reference frame. The active power P 

denotes real power transfer, while reactive power Q 

indicates compensation requirement. This is used in 

instantaneous power theory (p–q control) to generate 

compensation current reference for DSTATCOM. 

For the series converter dynamics: 

𝐿𝑠𝑒(𝑡)
𝑑𝑖𝑠𝑒

𝑑𝑡
+ 𝑅𝑠𝑒𝑖𝑠𝑒= 𝑣𝑠 + (𝑣𝑖𝑛𝑣,𝑠𝑒  - 𝑣𝐿)                 (13) 
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where 𝑣𝑖𝑛𝑣,𝑠𝑒 is the injected series inverter voltage. 

The common DC-link capacitor voltage dynamics: 

𝐶𝑑𝑐(𝑡)
𝑑𝑉𝑑𝑐

𝑑𝑡
= 

1

𝑉𝑑𝑐
 (𝑃𝑠ℎ + 𝑃𝑠𝑒 − 𝑃𝑙𝑜𝑠𝑠)                      (14) 

where: 𝑃𝑠ℎ = power handled by shunt converter, 𝑃𝑠𝑒= 

power handled by series converter. 𝑃𝑙𝑜𝑠𝑠 = internal 

losses. 

Using proposed controller, the common DC link 

capacitor dynamics: 

𝑉𝑑𝑐[𝑘 + 1] =  𝑉𝑑𝑐[𝑘] + 
𝑇𝑠

𝑉𝑑𝑐𝐶𝑑𝑐[𝑘]
 (𝑃𝑠ℎ[𝑘] + 𝑃𝑠𝑒[𝑘])   

(15) 

where 𝑃𝑠ℎ[𝑘] and 𝑃𝑠𝑒[𝑘] are instantaneous powers of 

shunt and series converters. 

Overall Compensation Condition the DSTATCOM 

ensures: 

𝑣𝐿(𝑡) ≈  𝑉𝑚  𝑠𝑖𝑛(𝜔𝑡) (sinusoidal load voltage) 

𝑖𝐿(𝑡) ≈  𝐼𝑚  𝑠𝑖𝑛(𝜔𝑡) (sinusoidal source current) 

The proposed Quantum Reinforcement Learning-

Enabled DSTATCOM has the major control goals to 

provide reliability, quality, and stability to the PV-

dominated distribution networks. The primary 

objective is to ensure that the Point of Common 

Coupling (PCC) voltage falls within 5 percent of its 

nominal value because variations in voltage are 

typical of feeders with high renewable penetration 

because of a quickly changing irradiance and sudden 

load changes. The compensator is able to maintain the 

restoration of voltage during sags, swells and 

unbalanced operating conditions by injecting reactive 

current adaptively. 

The primary control objectives of the proposed 

Quantum Reinforcement Learning–Enabled 

DSTATCOM are designed to ensure reliability, 

quality, and stability in PV-dominated distribution 

networks. The foremost aim is to maintain the Point 

of Common Coupling (PCC) voltage within ±5% of 

its nominal rating, as voltage fluctuations are 

common in feeders with high renewable penetration 

due to rapidly changing irradiance and abrupt load 

variations. By adaptively injecting reactive current, 

the compensator supports voltage restoration during 

sags, swells, and unbalanced operating conditions. 

State-Space Model of DSTATCOM (dq Domain): 

𝑑

𝑑𝑡
[
𝑖𝑑
𝑖𝑞
𝑣𝑑𝑐

] =

[
 
 
 
 −

𝑅𝑠

𝐿𝑠
𝜔 0

−𝜔
𝑅𝑠

𝐿𝑠
0

0 0 −
1

𝑅𝑑𝑐𝐶𝑑𝑐]
 
 
 
 

[
𝑖𝑑
𝑖𝑞
𝑣𝑑𝑐

] +

[
 
 
 
 

1

𝐿𝑠
𝑣𝑑

1

𝐿𝑠
𝑣𝑞

1

𝐶𝑑𝑐
𝐼
𝑖𝑛𝑣]

 
 
 
 

     

(16) 

The above equation (8) is used for stability, system 

modeling, and control design. 

Voltage Regulation Support by DSTATCOM: 

𝛥𝑉 =  
𝑋𝑠𝑦𝑠𝑡𝑄𝑐𝑜𝑚𝑝

𝑉
      (17) 

This equation (9) determines the voltage boost 

achieved via VAR compensation. 

LCL Filter Resonant Frequency for DSTATCOM: 

𝑓𝑟𝑒𝑠 = 
1

2𝜋
√

𝐿1+𝐿2

𝐿1𝐿2𝐶𝑆
    (18) 

where 𝑓𝑟𝑒𝑠 Resonant frequency of the LCL filter (Hz),  

𝐿1 Inverter-side inductance (H) and 𝐿2 Grid-side (or 

line-side) inductance (H) and 𝐶𝑆Filter capacitance 

connected between phases and ground (F). 

The supply voltage is represented as: 

𝑣𝑠(𝑡) =  𝑉𝑚  𝑠𝑖𝑛(𝜔𝑡)                          (19) 

Load voltage distorted due to harmonics: 

𝑣𝐿(𝑡) =  𝑣𝑠(𝑡) −  𝑣𝑠𝑒(𝑡)                    (20) 

where 𝑣𝑠𝑒(𝑡) = injected series compensating voltage. 

Load current consists of fundamental + harmonic + 

reactive components: 

𝑖𝐿(𝑡) =  𝑖𝐿𝑓(𝑡) +  𝑖𝐿ℎ(𝑡) + 𝑖𝐿𝑞(𝑡)      (21) 

The shunt active filter injects current 𝑖𝑠ℎ(𝑡) so that: 
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𝑖𝐿(𝑡) =  𝑖𝑠(𝑡) −  𝑖𝑠𝑒(𝑡)                        (22) 

For the shunt converter connected to PCC: 

𝐿𝑠ℎ(𝑡)
𝑑𝑖𝑠ℎ

𝑑𝑡
+ 𝑅𝑠ℎ𝑖𝑠ℎ= 𝑣𝑖𝑛𝑣,𝑠ℎ - 𝑣𝑝𝑐𝑐     (23) 

where: 𝐿𝑠ℎ(𝑡) and 𝑅𝑠ℎ = filter inductor parameters, 

𝑣𝑖𝑛𝑣,𝑠ℎ = inverter output voltage, 𝑣𝑝𝑐𝑐 = point of 

common coupling voltage. 

 

       The major goal is the reduction of the existing 

harmonics that occur due to nonlinear industry or 

residential loads. The control system is aimed at 

minimizing Total Harmonic Distortion (THD) to 

levels that are within the IEEE-519 standards to avoid 

overheating of grid sensitive assets, malfunction and 

early aging. Transient stability requires short 

response time (typically less than 50 ms) in cases of 

sudden disturbances, e.g. switching noise of inverters, 

oscillations caused by faults or PV power transient. 

Also, the control strategy is oriented to stabilize the 

power factor near to unity (0.981.0) which facilitates 

further power transfer and reduces reactive load on 

the grid. Taken together, these goals allow to 

guarantee higher performance of the work of the 

operational level, and better good voltage regulation 

and quality of power in the contemporary smart 

feeders. 

      The reinforcement learning to the proposed 

DSTATCOM controller is based on a properly 

defined State Action Reward (SAR) representation 

that allows making smart decisions in the complex 

and quickly changing electrical environment. 

Measures of the state variables taken at the PV-

integrated feeder are the magnitude of the PCC 

voltage, the DC-link voltage level, the DC-indicators 

of current harmonic distortion, and the real-time 

reactive power demand. All of these parameters 

characterize the dynamic state of the grid and makes 

sure that the agent is fully aware of the deterioration 

of the quality of power and the boundaries of 

compensator performance. The harmonic and 

reactive indices include enable the system to 

overcome both the steady-state deviation as well as 

the changing deviation of the disturbances. 

The Explicit coefficients of the Linear discrete-time 

update of the DSTATCOM design of the proposed 

controller: 

𝑖𝑑[𝑘 + 1] =  (1 −
𝑇𝑠𝑅𝑓

𝐿𝑓
) 𝑖𝑑[𝑘] + 𝑇𝑠𝜔𝑖𝑞[𝑘] +

𝑇𝑠

𝐿𝑓
𝑣𝑐𝑜𝑛𝑣,𝑑[𝑘] −

𝑇𝑠

𝐿𝑓
𝑣𝑐𝑜𝑛𝑣,𝑑𝑠[𝑘]                                             

(24) 

𝑖𝑞[𝑘 + 1] =  −𝑇𝑠𝜔𝑖𝑞[𝑘] + (1 −
𝑇𝑠𝑅𝑓

𝐿𝑓
) 𝑖𝑞[𝑘] +

𝑇𝑠

𝐿𝑓
𝑣𝑐𝑜𝑛𝑣,𝑞[𝑘] −

𝑇𝑠

𝐿𝑓
𝑣𝑐𝑜𝑛𝑣,𝑠𝑞[𝑘]                                          

(25) 

𝑣𝐿𝑑[𝑘 + 1] =  𝑣𝐿𝑑[𝑘] +
𝑇𝑠

𝐶𝑓
𝑖𝑠𝑒,𝑑[𝑘] −

𝑇𝑠

𝐶𝑓
𝑖𝐿,𝑑[𝑘]             

(26) 

𝑣𝐿𝑞[𝑘 + 1] =  𝑣𝐿𝑞[𝑘] +
𝑇𝑠

𝐶𝑓
𝑖𝑠𝑒,𝑞[𝑘] −

𝑇𝑠

𝐶𝑓
𝑖𝐿,𝑞[𝑘]             

(27) 

𝑉𝑑𝑐[𝑘 + 1] =  𝑉𝑑𝑐[𝑘] + 
𝑇𝑠

𝑉𝑑𝑐𝐶𝑑𝑐[𝑘]
 (𝑃𝑠ℎ[𝑘] + 𝑃𝑠𝑒[𝑘])  

(28) 

where first four equations are linear in the states and 

inputs; the DC-link update is nonlinear because the 

power terms divide by 𝑉𝑑𝑐[𝑘]. 
 

A DC-link capacitor plays a critical role in the 

operation of the Voltage Source Inverter (VSI) by 

acting as an essential energy storage element that 

enables immediate compensation of power 

fluctuations in the system. It stabilizes the DC-link 

voltage by buffering the difference between input and 

output power, thereby ensuring that the inverter can 

continuously supply compensating currents without 

interruption. To maintain stable operation, a closed-

loop control mechanism is implemented to regulate 

the DC-link voltage around a predefined reference 

value. This control loop adjusts switching actions to 

ensure that the voltage remains constant, thereby 

guaranteeing consistent inverter performance and 

reliable power quality enhancement under dynamic 

operating conditions. In the proposed Quantum 

Reinforcement Learning (QRL)-based DSTATCOM 

framework, the control actions generated by the 

learning agent are translated into optimized gating 

pulse signals for the three-phase VSI switches. These 

switching states are dynamically adjusted in real time 

by the intelligent agent, enabling precise control of 

inverter output currents. As a result, the system is 

capable of delivering appropriate reactive power 

compensation, mitigating harmonic distortions, and 

maintaining grid stability, including DC-link voltage 

restoration during transient disturbances. This 
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continuous control strategy provides fine-grained 

modulation of switching behavior, allowing rapid 

adaptation to sudden changes in load demand, 

irradiance variability, and fault conditions. 

The reinforcement learning structure is further 

enhanced through a carefully designed reward 

function that acts as a multi-objective performance 

indicator. The reward formulation integrates key 

power quality metrics such as Total Harmonic 

Distortion (THD), Point of Common Coupling (PCC) 

voltage deviation, and reactive power compensation 

accuracy. Positive rewards are assigned when the 

system improves voltage stability, reduces harmonic 

content, and maintains reactive power balance within 

acceptable limits. Conversely, penalty terms are 

introduced for violations such as excessive voltage 

deviation, increased distortion, or system instability. 

This reward shaping mechanism guides the QRL 

agent toward an optimal control policy by 

continuously reinforcing desirable grid behavior 

while discouraging poor performance states. Over 

time, this adaptive learning process results in a self-

evolving control strategy capable of achieving 

superior power quality enhancement in high 

photovoltaic penetration distribution networks.  

3. Quantum Reinforcement Learning Control 

Framework 

           Simulation of the Quantum Reinforcement 

Learning-Enabled DSTATCOM (QRL-

DSTATCOM) in high-penetration photovoltaic (PV) 

distribution feeders, with grid integrated system is 

taken into account, where three rooftop PV arrays 

with total capacity of 2.5MW were considered. The 

feeder consists of residential and industrial load with 

the overall peak load of 3.8 MW. A nonlinear load, 

such as diode-bridge rectifier and variable-frequency 

drive, was modelled to produce harmonic distortion 

to the 11th order. The QRL agent has system states 

that are composed of bus voltages, line currents, and 

DSTATCOM output signals, which means the state is 

24-dimensional. Five thousand training episodes 

were done, which lasted 1s of simulation time, time 

step of 1ms, generating more than 5 million state-

action pairs during policy evaluation. The quantum 

state encoding was used to encode voltage and current 

amplitudes using 6 qubits and the quantum policy 

optimization was applied with 50 iterations per 

episode and amplitude amplification to fasten the 

convergence. Classical actor-critic networks were 

being trained simultaneously with 0.001 (actor) and 

0.005 (critic) learning rates. The hybrid combination 

was found to converge quickly with a voltage 

deviation of less than 2% and a total harmonic 

distortion of less than 3% after 1500 episodes proving 

its effectiveness in transient power quality 

stabilization. 

 

The classical state 𝑠 is encoded into a quantum state 

vector using amplitude encoding as: 

 

∣ 𝜓(𝑠)⟩ = ∑ 𝛼𝑖(𝑠) ∣ 𝑖⟩𝑛−1
𝑖=0   where  ∑ ∣ 𝛼𝑖

𝑛−1
𝑖=0

(𝑠) ∣2= 1       (29) 

 

Here, 𝛼𝑖 represents normalized probability 

amplitudes encoding voltage, current, and irradiance 

states in the QRL-DSTATCOM environment. 

 

The policy parameters 𝜃 are updated using a 

quantum-enhanced gradient ascent rule: 

 

𝜃𝑡+1 = 𝜃𝑡 + 𝜂𝛻𝜃𝐸∣𝜓(𝑠)⟩∼𝜋𝜃[𝑅𝑡 + 𝛾
𝑚𝑎𝑥
𝑎′

𝑄(∣

𝜓(𝑠′)⟩, 𝑎′)]       (30) 

 

where 𝜂 is the learning rate and 𝛾 is the discount 

factor. 

The reward is defined to minimize voltage deviation, 

THD, and reactive power error: 

 

𝑅𝑡 = −(𝑤1 ∣ 𝑉𝑡 − 𝑉𝑟𝑒𝑓 ∣ +𝑤2𝑇𝐻𝐷𝑡 + 𝑤3 ∣ 𝑄𝑡 −

𝑄𝑟𝑒𝑓 ∣)        (31) 

 

where 𝑤1 , 𝑤2, 𝑤3 are weighting coefficients 

balancing power quality objectives. 

Quantum State Encoding: 

      Within the suggested QRL-DSTATCOM model, 

the system voltages and currents vectors are coded to 

the value of qubits, and quantum representation of 

classical electrical states is obtained. This quantum 

state encoding effectively allows the evaluation of a 

multitude of control policies simultaneously by 

superposition to give the agent an opportunity to 

consider a wide range of action paths at once.  

 

Voltage/current vector as quantum state: 

 

∣ 𝜓(𝑡) ∣= ∑ 𝛼𝑖(𝑡) ∣ 𝑣𝑖(𝑡), 𝑖𝑖(𝑡) ∣ ,    ∑𝑁
𝑖=1

𝑁
𝑖=1

∣ 𝛼𝑖(𝑡) ∣2= 1 (32) 

Here ∣ψ(t)∣ = quantum state representing system at 

time t, αi(t) = probability amplitude of the i-th 

voltage/current pair, vi(t), ii(t) = voltage and current 

measurements and N = total number of 

voltage/current samples. 

 

Normalized voltage vector mapping to qubits: 
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∣ 𝜓𝑉 ∣=
1

√∑ 𝑉𝑘
2𝑛

𝑘=1

∑ 𝑉𝑘 ∣ 𝑘 ∣𝑛
𝑘=1       (33) 

 

Here Vk = k-th voltage component, ∣k∣= basis state for 

the k-th qubit and n = number of qubits. 

Multi-qubit encoding of reactive power and current: 

∣ 𝜓𝑄𝐶 ∣=

∏ (( 𝑐𝑜𝑠𝜃𝑗 ∣∣ 0 ∣∣ +𝑒𝑖𝜙𝑗𝑠𝑖𝑛𝜃𝑗 ∣∣ 1 ∣∣) ),   𝜃𝑗 =𝑚
𝑗=1

𝑎𝑟𝑐𝑡𝑎𝑛
𝑖𝑗

𝑣𝑗
   ,   𝜙𝑗 = 𝑎𝑟𝑔(𝑄𝑗)     (34) 

 

Here ∏ 𝑐𝑜𝑠𝑖𝑛𝑒 𝑎𝑛𝑑 𝑠𝑖𝑛𝑒 𝑡𝑒𝑟𝑚𝑚
𝑗=1  tensor product 

across qubits, θj, ϕj = amplitude and phase encoding 

for j-th qubit, Qj= reactive power and m = total qubits 

representing system features 

 

Superposition for parallel policy evaluation: 

 

∣ 𝛹 ∣=
1

√𝑀
∑ ∣ 𝜓(𝑠𝑡 , 𝑎) ∣, 𝑠𝑡 ∈ 𝑆, 𝑎 ∈ 𝐴𝑀

𝑎=1      (35) 

 

Here M = number of possible actions, 𝑠𝑡 = system 

state at time t and a = action from action space A. 

 

Probability of high-reward action: 

 

𝑃( ∣ 𝑎∗ ∣∣∣ 𝑠𝑡 ) = ∣ 𝑎∗ ∣ 𝛹 ∣ 2 = │
1

√𝑀
∑ 𝛼𝑘

𝑀
𝑎=1

𝛿𝑎∗,𝑎𝑘
│2   (36) 

 

Here 𝑎∗ = optimal action and  𝛿𝑎∗,𝑎𝑘
 = Kronecker 

delta (1 if 𝑎∗ = 𝑎𝑘 , else 0) 

Using the correlations between the bus voltages and 

line currents are maintained, and the state description 

increases the fidelity. This parallelism greatly saves 

the exploration time in high-dimensional action-state 

spaces of high-penetration PV feeders. The 

methodology is a basis of quantum-enhanced policy 

optimization and speedy convergence in transient 

quality control of power. 

3.1 Quantum-Enhanced Policy Optimization 

      Amplification of the amplitude is used to improve 

quantum-enhanced policy optimization in the QRL-

DSTATCOM system to quickly identify high-reward 

actions in complex power system environments. The 

agent will converge faster than the classical 

approaches to reinforcement learning as it increases 

the likelihood of choosing the best control actions. 

Also, entanglement-based sampling maintains 

correlations between qubits modeling system states, 

which allows the sound assessment of interdependent 

voltage and current values.  

 

Amplitude amplification for optimal action: 

 

∣ 𝛹(𝑟) ∣= (𝑈𝑠𝑈𝑓)
𝑟 ∣ 𝛹0 ∣, 𝑟 ≈

𝜋

4
√

𝑀

𝑘
               (37) 

 

Here 𝑈𝑓 = oracle marking high-reward states, 𝑈𝑠 = 

reflection about mean (Grover diffusion operator) and 

k = number of solutions 

 

Oracle marking high-reward actions: 

 

𝑈𝑓 ∣ 𝜓(𝑠𝑡 , 𝑎) ∣ = (−1)𝑓(𝑠𝑡,𝑎) ∣ 𝜓(𝑠𝑡 , 𝑎) ∣         (38) 

 

Here 𝑓(𝑠𝑡 , 𝑎) =1 if reward ≥ threshold, else 0. 

 

Unitary rotation for amplitude update: 

 

𝛼𝑖
𝑟+1 = 𝛼𝑖

𝑟𝑐𝑜𝑠𝜃𝑟 + 𝛽𝑖
𝑟𝑠𝑖𝑛𝜃𝑟  ,   𝛽𝑖

𝑟 = ∑ 𝑈𝑖𝑗𝛼𝑗
(𝑟)

𝑗≠𝑖        

(39) 

 

Here 𝑈𝑖𝑗= elements of unitary operator, 𝜃𝑟 = rotation 

angle. 

 

Expected reward after quantum iteration: 

 

𝐸[𝑅(𝑠𝑡 , 𝑎)] = ∑ ∣ 𝛼𝑎
(𝑟)

∣2 𝑅(𝑠𝑡 , 𝑎)𝑎∈𝐴              (40) 

 

Here 𝑅(𝑠𝑡 , 𝑎) = reward function. 

 

Entanglement-based sampling: 

 

∣ 𝛹𝑒𝑛𝑡 ∣= ∑ 𝛾
𝑖𝑗

∣ 𝑠𝑖 , 𝑎𝑗 ∣    ,   𝛾
𝑖𝑗

= 𝛼𝑖𝛽𝑗𝑒
𝑖𝜃𝑖,𝑗𝑁

𝑖,𝑗=1      

(41) 

Here 𝛹𝑒𝑛𝑡  = entanglement phase term. 

 

      The quantum correlation scheme increases the 

stability of policies in the presence of noise during 

measurements and uncertainty of the system, which 

provides effective control in high-penetration PV 

feeders. In general, the strategy greatly enhances the 

convergence rate, minimizes exploration costs, and 

reinforces the efficacy of transient quality 

stabilization of power. 

Actor–Critic Hybrid Learning: 

      Hybrid actor-criticlike an architecture has been 

created in the QRL-DSTATCOM framework 

utilizing both quantum and classical learning 

capabilities. The quantum actor encodes the system 
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state with qubits and suggests the best strategies of 

DSTATCOM switching by assessing a large number 

of action possibilities at the same time via 

superposition. Then, using the classical critic, the 

estimates of value on these actions are computed and 

the policy is updated by minimizing the Bellman error 

to achieve precise prediction of long-term rewards.  

 

Quantum actor policy: 

 

𝜋𝜃(𝑎𝑡 ∣ 𝑠𝑡) =∣ 𝑎𝑡 ∣ 𝜓𝜃(𝑠𝑡) ∣∣2     (42) 

 

Here θ = actor parameters 

 

Critic value update (Bellman equation): 

 

𝑉𝜙(𝑠𝑡) ← 𝑉𝜙(𝑠𝑡) + 𝜂[𝑅(𝑠𝑡 , 𝑎𝑡) + 𝛾𝑉𝜙(𝑠𝑡 + 1) −

𝑉𝜙(𝑠𝑡)]                                       (43) 

 

Here ϕ = critic parameters, η = learning rate and γ = 

discount factor. 

 

Actor gradient update 𝛻𝜃𝐽(𝜃), Q-function estimation 

and Temporal difference (TD) error: 

 

𝛻𝜃𝐽(𝜃) = 𝐸𝑠𝑡,𝑎𝑡∼𝜋𝜃
[𝛻𝜃𝑙𝑜𝑔𝜋𝜃(𝑎𝑡 ∣ 𝑠𝑡)(𝑅(𝑠𝑡 , 𝑎𝑡) +

𝛾𝑉𝜙(𝑠𝑡 + 1) − 𝑉𝜙(𝑠𝑡))]             (44) 

 

𝑄𝜙(𝑠𝑡 , 𝑎𝑡) = 𝑅(𝑠𝑡 , 𝑎𝑡) + 𝛾 ∑ 𝜋𝜃𝑎′ (𝑎′ ∣ 𝑠𝑡 + 1)𝑄𝜙

(𝑠𝑡 + 1, 𝑎′)                                  (45) 

    

𝛿𝑡 = 𝑅(𝑠𝑡 , 𝑎𝑡) + 𝛾𝑉𝜙(𝑠𝑡 + 1) − 𝑉𝜙(𝑠𝑡)   ,   𝜙 ←

𝜙 + 𝜂𝛿𝑡𝛻𝜙𝑉𝜙(𝑠𝑡)                       (46) 

  

      This hybrid scheme can be used to provide real-

time learning but with low computational latency, and 

thus can effectively deal with fast transients in high-

penetration PV distribution feeders. Using quantum 

parallelism and classical evaluation, the controller is 

able to achieve high convergence rates and image 

quality stabilization through transient power quality 

in dynamic working conditions. 

3.2 Stability and Robustness Features 

      QRL-DSTATCOM framework increases stability 

and robustness of high-penetration PV distribution 

feeders in accordance with various mechanisms. 

Adaptive damping alleviates oscillation of voltage 

and current caused by abrupt power outages of the PV 

and keeps the system stable. Reduction of harmonic 

attenuation is enhanced by accurate monitoring of 

reference currents and is successful in overcoming 

nonlinear load distortion and inverter switching 

distortion. This is further enhanced by the hybrid 

quantum-classical control, which guarantees the 

reliable operation when there are inverter switching 

nonlinearities and measurement noise, and the 

integrity of the transient power quality remains intact. 

 

Adaptive damping coefficient: 

 

𝐾𝑑(𝑡) = 𝐾𝑂 exp(−𝜆 ∥ 𝛥𝑉𝑃𝐶𝐶(𝑡) ∥2)             (47) 

𝛥𝑉𝑃𝐶𝐶(𝑡) = 𝑉𝑃𝐶𝐶(𝑡) − 𝑉𝑛𝑜𝑚𝑖𝑛𝑎𝑙                     (48) 

 

Harmonic current attenuation: 

 

𝑖𝑟𝑒𝑓(𝑡) = 𝑖𝐿(𝑡) − ℎ = ∑ 𝑖^ℎ(𝑡)𝐻
ℎ=2 , 𝑖^ℎ(𝑡) =

2

𝑇
∫ 𝑖𝐿(𝑡)𝑠𝑖𝑛(ℎ𝜔𝑡 + 𝜙ℎ)𝑑𝑡

𝑇

0
               (49) 

 

Voltage correction term: 

 

𝑉𝑐𝑜𝑚𝑝(𝑡) = 𝐾𝑝𝛥𝑉(𝑡) + 𝐾𝑑
𝑑𝛥𝑉(𝑡)

𝑑𝑡
+ 𝐾𝑓 =

∑ 𝛥𝑉(𝑡 − 𝑘𝛥𝑡)
𝑁𝑝

𝑘=0                               (50) 

 

Switching constraint for stability: 

 

∑ ∣ 𝑉𝑃𝐶𝐶𝑖(𝑡) − 𝑉𝑟𝑒𝑓𝑖(𝑡) ∣≤ 𝜖   ,   𝜖 =3
𝑖=1

0.05𝑉𝑛𝑜𝑚𝑖𝑛𝑎𝑙                                        (51) 

 

Injection current with nonlinearity compensation: 

𝑖𝑖𝑛𝑗(𝑡) = 𝐺−1(𝑠)[𝑉𝑟𝑒𝑓𝑖(𝑡) − 𝑉𝑃𝐶𝐶𝑖(𝑡)] −

∑ 𝛥𝑖𝑘(𝑡)
𝑁
𝑘=1 ⋅ 1∣𝛥𝑖𝑘∣>𝛿                          (52) 

The combination of these features enables the 

controller to achieve voltage deviations below 2% 

and total harmonic distortion below 3% which shows 

robust performance in dynamic real world operating 

conditions. 

4. Simulation Setup and Performance Evaluation 

          Quantum Reinforcement Learning enabled 

DSTATCOM is modeled in MATLAB/Simulink to 

test the performance of transient power quality 

stabilization in high penetration PV feeders. The 

examples of stress-test scenarios are quick drops in 

irradiance, grid voltage sags/swells, harmonic 

distortions, and abrupt load. State feedback: QRL 

controller can adjust optimal switching actions (in 

real-time) to achieve faster voltage recovery, smaller 

THD and better reactive power support than the 

conventional controllers. 
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Figure 2. MATLAB Simulink model of PV system 

      The MATLAB Simulink model of the proposed 

Quantum Reinforcement Learning-Enabled 

DSTATCOM (QRL-DSTATCOM) in stabilizing 

transient quality of power in high-penetration PV 

distribution systems is shown in Figure 2. The model 

incorporates three-stage PV-fed with grid distribution 

network with PV arrays, which are connected to the 

network by the voltage source inverters. QRL 

controller is performed to optimize the real and 

reactive insertion of the DSTATCOM to the speedy 

change in voltage and irradiance fluctuation. These 

are PV generation units, distribution lines, load 

profiles, DSTATCOM inverter, and voltage, current, 

and Total Harmonic Distortion (THD) measurements 

blocks. The controller is able to suppress sags and 

harmonics in voltage and reduce deviations in power 

factor using simulation logic. The model gives real-

time graphical representation of voltage control, 

harmonic minimization, and system dynamic 

reactance. 

The reported reductions in Total Harmonic Distortion 

(THD) and voltage deviations indicate strong 

performance of the proposed QRL-DSTATCOM; 

however, it is essential to clarify whether these 

improvements consistently meet IEEE-519 power 

quality standards across all test scenarios. 

Specifically, IEEE-519 mandates THD limits 

(typically ≤5% for voltage in distribution systems) 

and acceptable voltage variation ranges under diverse 

operating conditions. The manuscript should 

explicitly present scenario-wise compliance results, 

including worst-case disturbances, dynamic load 

changes, and nonlinear conditions. Providing a 

comparative compliance table would strengthen 

validation and confirm that performance gains are not 

scenario-specific but robust across all operating 

environments. 

The proposed QRL-DSTATCOM shows strong 

potential for application in future smart distribution 

networks due to its adaptive control capability and 

improved power quality performance. Its practical 

significance lies in its ability to handle high 

penetration of renewable energy sources and rapidly 

varying loads. For scalability, the controller can be 

modularly deployed across multiple distributed 

compensating units with minimal redesign. However, 

real-world applicability requires validation under 

communication delays, multi-node coordination, and 

hardware constraints. Further hardware-in-the-loop 

and field implementations are necessary to confirm 

robustness, interoperability, and large-scale 

deployment feasibility in smart grid environments. 

 

Table 1. Test Scenarios for QRL-Enabled 

DSTATCOM Performance Evaluation 

Test ID Scenario Description 

T1 Rapid irradiance drops (1000 → 250 

W/m²) 

T2 Partial shading causing asymmetric PV 

loss 

T3 Nonlinear industrial load – rectifier-

dominant distortion 

T4 Sudden large load connect/disconnect 

(50% step change) 

T5 Single-line-to-ground fault at PCC with 

clearance 

T6 Unbalanced load injection with heavy 

Phase-A loading 

T7 Harmonic-rich load: pronounced 5th & 

7th components 

T8 Combined disturbance (T2 + T4 + 

harmonic distortion) 

 

      Table 1 presents the eight simulation scenarios 

developed to comprehensively evaluate the 

performance of the proposed Quantum 

Reinforcement Learning (QRL)-Enabled 

DSTATCOM under diverse operating conditions in a 

high-penetration photovoltaic (PV) distribution 

network. The selected test cases represent realistic 

disturbances and uncertainties commonly 

encountered in modern smart grids with renewable 

energy integration. Scenarios T1 and T2 investigate 

the impact of solar intermittency caused by rapid 

irradiance reduction and partial shading conditions, 

respectively, which lead to sudden fluctuations in PV 

power generation and voltage instability. T3 and T4 

assess the controller’s capability to maintain power 

quality and system stability under nonlinear industrial 
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loads and abrupt load connection/disconnection 

events, both of which introduce significant reactive 

power demand and dynamic voltage variations. 

Scenario T5 examines the transient response of the 

proposed system during a single-line-to-ground fault 

at the point of common coupling (PCC), evaluating 

fault ride-through capability and post-fault voltage 

recovery performance. T6 focuses on load unbalance 

conditions, particularly heavy loading on Phase-A, to 

analyze the effectiveness of the DSTATCOM in 

mitigating voltage imbalance and improving feeder 

symmetry. Scenario T7 introduces harmonic-rich 

nonlinear loads containing dominant 5th and 7th 

harmonic components, enabling assessment of 

harmonic suppression and total harmonic distortion 

(THD) reduction capabilities. The most challenging 

condition is represented by T8, which combines 

partial shading, sudden load variation, and harmonic 

distortion simultaneously to emulate worst-case 

operating dynamics encountered in practical 

distribution systems. Collectively, these test 

scenarios provide a rigorous framework for validating 

the robustness, adaptability, and intelligence of the 

QRL-enabled control strategy. The performance 

metrics evaluated across these scenarios include 

voltage regulation, reactive power compensation, 

harmonic mitigation, fault recovery characteristics, 

load balancing effectiveness, and controller 

convergence behavior. Through these extensive 

simulations, the proposed QRL-DSTATCOM 

demonstrates its capability to maintain grid stability, 

enhance power quality, and ensure reliable operation 

of PV-integrated distribution networks under both 

normal and highly disturbed operating conditions. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 
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(e) 

Figure 3. Response of PV system under proposed 

technique: (a) Grid Voltage, Load Voltage, Voltage 

injection by DSTATCOM, (b) THD under 

distortion, (c) Grid Voltage, Grid Current using 

proposed technique, and (d) THD using QRL-

Enabled DSTATCOM (e) Load Voltage, Load 

Current 

Figure 3 shows the dynamical response of the 

proposed Quantum Reinforcement Learning-Enabled 

DSTATCOM to nonlinear disturbances in loads. Fig. 

3(a) is used to establish the injected compensating 

voltage to effectively stabilize the grid and load 

voltages to have the proper PCC regulation. The first 

harmonic distortion, which is the one caused by 

rectifier-dominant loads, is depicted in Fig. 3(b) with 

a THD of 3.92%. When the proposed controller is 

used, Fig. 3(c) shows better grid voltage and current 

waveforms, with the quality of sinusoidal waveforms 

and reactive support. Fig. 3(d) points out that 

harmonic suppression of the QRL-DSTATCOM is 

considerably stronger, suppression of THD is up to 

3.31, which proves a better filtering. It is verified in 

Fig. 3(e) that load voltage and current waveforms 

were stable and with no distortion under all worst-

case PV operating conditions. 

         The superior power quality enhancement 

capability of the proposed QRL-Enabled 

DSTATCOM under eight diverse operating 

scenarios. The controller achieves significantly faster 

stabilization than the conventional baseline 

controller, with settling times ranging from 90 ms to 

150 ms compared with 160 ms to 300 ms for the 

baseline system. The percentage improvement in 

dynamic response varies between 43.8% and 50.0%, 

with the highest improvement observed in Scenario 

T8 (50.0%) and the lowest in Scenario T4 (43.8%). 

Harmonic mitigation performance is equally 

impressive, as Total Harmonic Distortion (THD) is 

reduced from pre-compensation levels of 7.6%–

21.8% to post-compensation values of only 2.9%–

5.0%. The most severe harmonic condition occurs in 

T7, where THD decreases from 21.8% to 4.8%, 

representing a reduction of approximately 78%. 

Voltage regulation remains highly effective, with 

peak voltage deviations maintained within 3.5%–

5.0%, satisfying standard power quality requirements 

even during renewable intermittency and fault 

disturbances. Furthermore, the compensated power 

factor remains close to unity, ranging from 0.96 to 

0.995, indicating excellent reactive power support 

and efficient utilization of grid resources. On average, 

the QRL-based controller provides approximately 

46.7% faster stabilization, maintains post-

compensation THD below 5%, limits voltage 

deviations to less than 5%, and sustains an average 

power factor of 0.978, confirming its robustness, 

adaptability, and effectiveness in maintaining grid 

stability under high-penetration photovoltaic and 

nonlinear load conditions. 

          The quantum state encoding performance of 

the proposed QRL-DSTATCOM controller under 

eight operating scenarios. The results confirm the 

effectiveness of the quantum representation 

framework in capturing system dynamics with high 

accuracy and computational efficiency. The number 

of qubits increases from 12 in T1 and T4 to 20 in T8, 

enabling the encoding of increasingly complex grid 

states. Despite the higher dimensionality, quantum 

state fidelity remains exceptionally high, ranging 

from 96.5% to 98.8%, with the maximum fidelity 

achieved in T4 (98.8%) and the minimum in T8 

(96.5%), indicating reliable state preparation and 

minimal quantum information loss. The state 

preparation time varies from 4.6 ms to 7.5 ms, with 

an average of approximately 5.8 ms, demonstrating 

suitability for real-time control applications. The 

probability of selecting the optimal control policy 

remains high, between 76.9% and 86.1%, even under 

severe disturbance conditions, reflecting strong 

decision-making confidence of the QRL agent. As 

system complexity increases, entropy rises from 0.98 

bits in T4 to 1.60 bits in T8, while amplitude variance 

increases from 0.011 to 0.026, indicating richer state-

space information and enhanced representational 

capability. Furthermore, parallel quantum evaluations 

expand from 256 to 1024, substantially improving 

exploration efficiency and learning capability. 

Overall, the quantum encoding framework provides 

high-fidelity state representation, rapid preparation, 

scalable information processing, and robust policy 

optimization, thereby enhancing the adaptability and 

intelligence of the QRL-based DSTATCOM under 

complex smart-grid operating conditions. 

          The performance of the quantum-enhanced 

policy optimization framework employed in the 

proposed QRL-DSTATCOM controller. The results 

demonstrate efficient learning and robust policy 

convergence across all operating scenarios. Under 

relatively less complex conditions, such as T1 and T4, 

the controller requires only 420 and 390 training 

iterations, respectively, while achieving the highest 

peak rewards of 0.89 and 0.91 and success rates of 

94.5% and 95.8%. As system complexity and 

disturbance severity increase, the required training 

iterations rise to 920 in T8, accompanied by an 

increase in oracle calls from 34–38 in low-

disturbance scenarios to 90 in the most challenging 
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scenario. Despite this increase in learning 

complexity, the optimization process maintains 

strong performance, with success rates remaining 

between 82.5% and 95.8%. The amplification factor 

gradually decreases from 7.5 in T4 to 5.0 in T8, 

indicating a more cautious and stable policy search in 

highly uncertain environments. Robustness values 

remain consistently high, ranging from 79.5% to 

93.4%, with an average robustness of approximately 

87.8%, confirming reliable controller behavior under 

varying operating conditions. Training time increases 

from 38 s in T4 to 104 s in T8 as the complexity of 

the state-action space expands; however, 

convergence remains efficient due to quantum-

enhanced exploration and optimization mechanisms. 

Overall, the proposed quantum policy learning 

framework achieves high rewards, strong success 

rates, reduced search complexity, and excellent 

robustness, enabling fast and dependable control 

adaptation for DSTATCOM operation in renewable-

rich and disturbance-prone smart distribution 

networks. 

          The actor–critic learning characteristics and 

stability performance of the proposed QRL-Enabled 

DSTATCOM under different operating scenarios. 

The results indicate effective learning convergence 

and highly reliable power quality regulation across 

varying disturbance levels. In relatively stable 

conditions, such as T1 and T4, the mean temporal-

difference (TD) error remains low at 0.042 and 0.039, 

respectively, while the actor gradient norms are 

limited to 0.045 and 0.042, indicating smooth policy 

updates and rapid convergence. As disturbance 

severity increases from T5 to T8, the mean TD error 

rises from 0.095 to 0.115 and the gradient norm 

increases from 0.074 to 0.081, reflecting the greater 

complexity of the learning task. The adaptive learning 

rate (η) gradually decreases from 0.0085 in T4 to 

0.0060 in T8, ensuring stable learning under highly 

dynamic conditions. The RMS injected compensation 

current increases from 44.2 A in T4 to 72.3 A in T8, 

demonstrating stronger corrective action to maintain 

voltage quality. Harmonic mitigation remains highly 

effective, with THD reduction ranging from 61.8% to 

78.0%, achieving the highest reduction in T7. Voltage 

regulation performance is excellent, as the system 

remains within the ±5% voltage tolerance band for 

93.5%–99.0% of the operating time. Furthermore, 

reliability remains exceptionally high, varying 

between 95.0% and 99.4%, with an average of 

approximately 97.5%. These results confirm that the 

QRL-based actor–critic framework delivers stable 

learning, strong harmonic suppression, robust voltage 

regulation, and dependable operation under diverse 

renewable energy and nonlinear load disturbances. 

 

Table 2. Overall comparisons using Quantum 

Reinforcement Learning–Enabled DSTATCOM 

Performance Metric 
Observed Results (T1–

T8) 

Stabilization Time (QRL) 
90–150 ms (Average: 

118.13 ms) 

Stabilization Time 

(Baseline) 

160–300 ms (Average: 

222.50 ms) 

Improvement in Response 

Time 

43.8–50.0% (Average: 

46.73%) 

THD Before 

Compensation 

7.6–21.8% (Average: 

13.86%) 

THD After Compensation 
2.9–5.0% (Average: 

3.98%) 

Power Factor After 

Compensation 

0.96–0.995 (Average: 

0.978) 

Qubit Count 
12–20 qubits (Average: 

15.25) 

Quantum Encoding 

Fidelity 

96.5–98.8% (Average: 

97.64%) 

Iterations to Convergence 
390–920 (Average: 

637.5) 

Voltage Within ±5% 

Limit 

93.5–99.0% (Average: 

96.45%) 

 

Table 2 illustrates the proposed QRL-Enabled 

DSTATCOM consistently demonstrates superior 

dynamic performance across all operating conditions. 

On average, stabilization time is reduced by 46.73% 

compared with the baseline controller, while post-

compensation THD is maintained below 5% and 

power factor remains close to unity (0.978). Quantum 

encoding achieves a high average fidelity of 97.64%, 

ensuring accurate state representation, whereas 

voltage remains within the permissible ±5% range for 

96.45% of the operating duration. Even under the 

most severe combined disturbance scenario (T8), the 

controller maintains acceptable THD (5.0%), high 

fidelity (96.5%), and strong voltage regulation 

(93.5% compliance), confirming the robustness and 

scalability of the proposed quantum reinforcement 

learning framework for renewable-rich smart 

distribution networks.  

          The feasibility of the proposed QRL-

DSTATCOM for real-time applications is supported 

by its low computational latency and reduced state-

space complexity. After offline training, the online 

inference stage involves only simplified policy 



Nadeem Iqbal et al./Journal of Solar Energy Research Volume 11 Number 2 Spring (2026) 3890-3908 

3904 

 

evaluation, typically requiring microsecond-level 

execution (≈10–50 µs per control cycle on 

DSP/FPGA platforms). With a sampling time in the 

range of 50–100 µs and switching frequencies of 10–

20 kHz, the controller can comfortably meet real-time 

constraints of power electronic systems. Quantum 

state encoding reduces iterative search overhead, 

while amplitude-enhanced exploration is confined to 

training, not affecting runtime. However, hardware-

in-the-loop (HIL) validation with measured execution 

time should be included for stronger empirical 

confirmation. 

5. Real Time Hardware Implementation 

      The real-time hardware implementation of the 

proposed Quantum Reinforcement Learning–

Enabled DSTATCOM (QRL-DSTATCOM) is 

carried out using OPAL-RT for rapid prototyping and 

hardware-in-the-loop (HIL) validation. In modern 

power systems with high photovoltaic (PV) 

penetration, ensuring transient stability and power 

quality requires fast and reliable controller execution 

under dynamic conditions. The proposed architecture 

is interfaced with a real-time digital signal processor 

(DSP) and power electronic inverter through OPAL-

RT-based control and monitoring modules. This 

setup enables real-time acquisition of voltage, 

current, irradiance, and load variation signals, which 

are processed by the QRL algorithm to generate 

optimal switching pulses for the DSTATCOM. The 

graphical programming environment of LabVIEW 

ensures low-latency execution, flexible hardware 

integration, and accurate system visualization. This 

implementation bridges the gap between simulation 

and practical deployment, demonstrating the 

feasibility of the proposed intelligent controller for 

real-world smart grid and renewable-integrated 

distribution network applications. 

 

 
Figure 4. Hardware setup for proposed study 

 

Figure 4 illustrates the hardware setup of the 

proposed QRL-DSTATCOM system implemented 

using a real-time control platform integrated with a 

voltage source inverter, sensing units, and DSP-based 

controller. The setup enables real-time monitoring of 

voltage, current, and irradiance, ensuring adaptive 

control and validation under dynamic PV distribution 

conditions. 

 

 

 

Table 3. OPAL-RT vs MATLAB/Simulink 

validation of proposed QRL-DSTATCOM study 

Performan

ce Metric 

MATLAB/Simu

link 

OPA

L-RT 

(Real

-

Time) 

Deviati

on (%) 

Voltage 

Deviation 

(p.u.) 

0.048 0.052 8.3% 

THD (%) 3.12 3.35 7.4% 

Stabilizati

on Time 

(s) 

0.085 0.092 8.2% 

Reactive 

Power 

Error 

(kVAR) 

1.85 1.98 7.0% 

 

Table 3 presents a comparative validation between 

MATLAB/Simulink and OPAL-RT real-time 

simulation results for the proposed QRL-

DSTATCOM system. The results show close 

agreement across key performance metrics, including 

voltage deviation, Total Harmonic Distortion (THD), 

stabilization time, and reactive power error. Minor 

deviations ranging from 7% to 8.3% are observed, 

primarily due to real-time hardware latency, 

discretization effects, and communication delays in 

OPAL-RT implementation. Despite these small 

variations, both platforms confirm IEEE-519 

compliance and consistent controller effectiveness. 

The results validate the robustness, accuracy, and 

practical feasibility of the proposed approach for real-

time smart grid and renewable-integrated distribution 

system applications. 

The proposed QRL-DSTATCOM demonstrates 

superior numerical performance compared to 

Classical RL methods, AI-based DSTATCOM 

controllers, and existing QRL approaches. Classical 

RL methods typically achieve stabilization times of 

0.14–0.20 s with THD levels of 5.8–8.5%, whereas 
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the proposed model reduces stabilization time to 

0.085–0.092 s and THD to 2.9–5.0%. Compared to 

AI-based controllers such as ANN or fuzzy-logic 

DSTATCOMs, which show voltage deviations of 6–

10% and power factor around 0.90–0.94, the 

proposed method maintains voltage within ±5% and 

improves power factor to 0.96–0.995. Existing QRL 

models report convergence rates 15–25% slower and 

lower state fidelity (92–95%), whereas the proposed 

approach achieves 96.5–98.8% fidelity with faster 

convergence. Overall, the QRL-DSTATCOM 

provides 43–50% faster dynamic response and 

significantly improved harmonic mitigation, 

confirming its superiority in transient stability, 

robustness, and real-time adaptability for high-PV 

distribution systems. 

6. Conclusion 

       The proposed Quantum Reinforcement 

Learning-Based DSTATCOM establishes 

outstanding results in transient power quality (PQ) 

control in high-penetration photovoltaic (PV) 

distribution feeders. In all test conditions, the 

controller is highly effective in improving system 

response, achieving 43–50% shorter stabilization 

time compared to conventional controllers, 

demonstrating faster dynamic recovery. The 

harmonic distortion is significantly reduced, with 

Total Harmonic Distortion (THD) decreasing from 

7.6–21.8% to 2.9–5.0%, ensuring cleaner voltage 

waveforms even under nonlinear and fault conditions. 

Peak voltage deviations remain within ±5%, 

complying with PQ standards, while post-

compensation power factor consistently improves to 

0.96–0.995, confirming strong reactive power 

support. The quantum state encoding further 

enhances controller performance, with high state 

fidelity (96.5–98.8%) and low preparation time (4.6–

7.5 ms), enabling accurate real-time learning with 

minimal noise. The maximum policy selection 

probability (76.9–86.1%) indicates confident 

decision-making under uncertainty, while amplitude 

variation and entropy analysis reflect improved 

exploration capability. Parallel state evaluations 

(256–1024) strengthen learning in complex 

environments, enabling robust convergence. Simple 

disturbances (T1–T4) converge faster with rewards of 

0.89–0.91 and success rates of 94–96%, whereas 

complex scenarios (T5–T8) require more iterations 

but still achieve 82–93% robustness. Stability is 

confirmed through reduced TD-error and gradient 

norms, ensuring effective RMS current regulation 

under severe disturbances. Overall reliability remains 

high (95–99%), with voltage maintained within ±5% 

limits for 93–99% of operating time. The hardware 

validation using OPAL-RT and MATLAB/Simulink 

confirms strong real-time feasibility, with less than 

10% deviation across key parameters such as THD, 

voltage deviation, stabilization time, and reactive 

power error. This experimental agreement validates 

the practical implementability of the proposed 

controller for real-world smart grid applications. 

Overall, the QRL-DSTATCOM provides fast, 

accurate, and scalable PQ stabilization, 

outperforming conventional methods and offering a 

highly robust solution for high-PV penetration 

distribution networks. 

Despite strong simulation and hardware-in-loop 

validation, the proposed QRL-DSTATCOM has 

certain limitations. The study primarily relies on 

MATLAB/Simulink and OPAL-RT environments, 

and full-scale field deployment in real distribution 

networks is yet to be demonstrated. The quantum 

reinforcement learning model also requires 

significant offline training data and computational 

resources, which may affect scalability for ultra-large 

networks. Future work will focus on real-time 

embedded hardware implementation using 

DSP/FPGA platforms, reduction of computational 

complexity, and integration with cloud-based or edge 

intelligence systems. Additionally, multi-agent QRL 

coordination, cyber-security analysis, and 

experimental validation under large-scale renewable 

penetration will further enhance robustness and 

practical applicability. 
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Nomenclature 

Symbol Description 

η Energy efficiency (percent) 

ηref 
Efficiency of PV cell at standard test 

condition (percent) 

id Shunt-filter current in d-axis (A) 

Isc Short-circuit current (A) 

k Discrete time index (integer) 

Psi Exergy efficiency (percent) 

Qloss Heat losses from PV cell (kJ) 

STC Standard test condition 

Tamb Ambient temperature (K) 
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Tcell PV cell temperature (K) 

Ts Sampling period (s) 

Tsun Sun temperature (K) 

vconvd Shunt converter voltage in d-axis (V) 

vconvq Shunt converter voltage in q-axis (V) 

Voc Open-circuit voltage (V) 

Vm 
Maximum power output point 

voltage (V) 
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