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Abstract— The integration of distributed generation (DG)
sources into the electrical grid, particularly renewable energy
systems, has introduced a new paradigm in power generation.
While DG systems offer numerous benefits—including
enhanced grid resilience and reduced environmental impact—
they also introduce critical challenges to power quality. The
convergence of high-capacity DG and transient-heavy loads like
Ultra-Fast EV Charging (UFEV) has created unprecedented
Power Quality (PQ) instabilities at the Point of Common
Coupling (PCC). Traditional mitigation strategies based on
static Instantaneous Symmetrical Component Theory (ISCT)
are insufficient for the dynamic, bidirectional power flows of
modern smart grids. This research proposes a Unified Al-
Driven DSTATCOM framework that operates in synergistic
tandem with cooperative Smart Inverters across a Distributed
Generation network. The proposed system introduces the Deep-
Q-Power (DQP) algorithm—a multi-agent reinforcement
learning model that predictively adjusts DSTATCOM
compensation parameters and DG inverter reactive power
outputs simultaneously and autonomously. This synergistic
architecture reduces harmonic injection by 88%, maintains
PCC voltage within a £0.5% band during massive load shedding
or surge events, and enables autonomous islanding and grid-
reconnection within 1.8 cycles. Real-world 2026 simulation data
from the Bengaluru Smart Industrial Corridor validates a
decisive shift toward autonomous, self-healing, and cyber-
secure grid infrastructures.

Index Terms— Al-Adaptive DSTATCOM, Deep-Q-Power
Algorithm, Distributed Generation Integration, Smart Grid
Resilience, Reinforcement Learning, Harmonic Suppression,
Grid-Forming Inverter, Cyber-Physical Security, EV Fast
Charging, Virtual Synchronous Machine.

[. INTRODUCTION: THE 2026 POWER QUALITY
LANDSCAPE

The global energy landscape in 2026 is defined by a
decentralized architecture. The centralized grid of the past has
been supplanted by an interconnected mosaic of smart
microgrids, prosumer nodes, and distributed generation hubs.
While this transition has improved energy security and
renewable integration, it has introduced a critical 'Chaos
Variable' in power quality management. DG units—

particularly non-synchronous renewable sources—inject
high-frequency switching noise and create voltage sags due to
environmental intermittency, while SiC-based ultra-fast EV
chargers operating at 100 kHz generate harmonic spectra
extending far beyond the 49th order.

Previous research in 2015 and 2017 laid the foundational
groundwork for DSTATCOM utilization and recognized the
nascent challenges of DG integration [1][2]. However, those
studies assumed a relatively stiff grid with DG penetration
ratios below 20%. In 2026, the grid is non-stiff at virtually
every distribution node, with DG penetration exceeding 60%
in urban smart corridors. The presence of non-linear loads—
ranging from domestic variable-frequency drives to
industrial-scale EV fast-charging clusters with aggregate
ratings of 17.5 MW—demands a mitigation tool as dynamic
and intelligent as the distortions it seeks to eliminate.

This paper presents the Deep-Q-Power (DQP) framework:
a unified, reinforcement learning-driven D-STATCOM
architecture that co-ordinates compensator injection with
cooperative smart inverter reactive power dispatch across the
entire DG network. By treating harmonic suppression, voltage
regulation, and grid resilience as a joint multi-objective
reinforcement learning problem, the framework transcends
the single-device paradigm of prior art and delivers
measurable improvements in THD (88% reduction), voltage
stability (+0.5% band), and fault recovery (1.8 cycles)
validated against the Bengaluru Smart Industrial Corridor
2026 dataset.

II. LITERATURE REVIEW

The foundational challenge of DG integration and power
quality was systematically documented by Prahallada (2015),
who identified voltage profile degradation and protection
miscoordination as the twin barriers to DG adoption in Indian
distribution networks [2]. The 2015 framework relied on
passive filtering and grid code enforcement, tools that are
structurally inadequate for the bidirectional, stochastic power
flows of 2026 smart grids.
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Kumbhar and Khatavkar (2017) demonstrated the
operational viability of split-capacitor DSTATCOM
topologies using ISCT-based control in low-voltage
distribution systems, establishing benchmark THD reduction
of approximately 60% under static loading [1]. However, the
ISCT approach introduces a fundamental one-cycle
computational delay, rendering it incapable of tracking the
sub-millisecond harmonic transients generated by SiC-
MOSFET-based EV fast chargers.

Between 2019 and 2023, machine learning augmented
compensator research gained momentum. Fuzzy Logic
Controller (FLC) implementations achieved 73% THD
reduction but lacked adaptability to unseen harmonic profiles
[5]. Long Short-Term Memory (LSTM) networks were
subsequently applied to reference current prediction,
demonstrating 81% THD reduction with a 450-microsecond
predictive horizon [4]. However, none of these approaches
addressed cooperative control across the DG network or
incorporated grid-forming capability for islanded operation.

The IEEE Smart Grid Task Force (2025) published
preliminary standards for grid-forming power electronic
converters, mandating virtual synchronous machine (VSM)
emulation capability and cyber-verified control signal
authentication for distribution-level compensators rated above
1 MVA [3]. The proposed Deep-Q-Power framework is
designed from inception to comply with these emerging
standards while extending the academic frontier through
multi-agent cooperative control and blockchain-secured
command verification.

III. EVOLUTION OF PQ SOLUTIONS: 2015 TO 2026

To contextualize the proposed 2026 framework, we
examine the decade-long progression of power quality
management philosophy. The challenges identified in 2015
centered on protection coordination and anti-islanding for
low-penetration DG networks. By 2017, the focus shifted to
active compensation using split-capacitor topologies and
ISCT control. The SiC revolution of 2021-2023
fundamentally changed the harmonic landscape, mandating a
shift to predictive Al control.

Table I: Evolution of Power Quality Management Paradigms
(2015-2026)

Era Primary Challenge | Primary Technology Control Philosophy
2015-Era DG Protection & Passive LC Filters Grid Codes / Anti-
Islanding Island

2017-Era Non-Stiff Source Split-Cap ISCT /HBCC
Harmonics DSTATCOM

2021-Era SiC High-Freq SiC-VSC ANN / FLC Adaptive
Harmonics DSTATCOM

2026-Era UFEV Transients + AI-HES- Deep-Q-Power RL
Grid Form DSTATCOM
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In 2026, the Silicon Carbide (SiC) revolution is in full
effect. SiC-based VSC-DSTATCOMs operate at five times
the switching frequency of 2017 IGBT systems (100 kHz vs.
20 kHz), enabling the suppression of harmonics up to the 99th
order. However, this hardware capability can only be
harnessed through an Al control layer capable of generating
reference currents at matching speed—a requirement the
proposed Deep-Q-Power engine fulfils through FPGA-
accelerated inference achieving 48-microsecond end-to-end
latency.

IV. PROPOSED SYSTEM ARCHITECTURE AND
DESIGN PHILOSOPHY

The proposed Deep-Q-Power framework, illustrated in
Fig. 1, is organized as a three-tier hierarchical control
architecture deployed across a smart microgrid. The physical
tier comprises the SiC-VSC DSTATCOM unit with Hybrid
Energy Storage (HES)—a Lithium-Sulfur (Li-S) battery bank
providing bulk energy buffering and a graphene
supercapacitor module delivering high-frequency transient
current injection. The intelligence tier houses the Deep-Q-
Power Engine executing on an embedded GPU co-processor.
The security tier implements a blockchain-based control
signal ledger ensuring cyber-physical integrity.
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Fig. 1: Deep-Q-Power Unified AI-DSTATCOM System
Architecture for Smart Microgrid Control

The cooperative DG inverter control layer is a key
architectural distinction from prior single-device compensator
approaches. In the proposed framework, each smart solar
inverter and wind turbine VSC within the microgrid is
enrolled as a cooperative agent in the DQP multi-agent
environment. When the DQP Engine detects that the
DSTATCOM thermal headroom is approaching 85% of rated
capacity during an EV surge event, it dispatches reactive
power commands to the enrolled DG inverters, distributing
the compensation burden across the network. This cooperative
dispatch reduces peak DSTATCOM thermal loading by 34%
and extends compensator operational lifetime by an estimated
7 years under the Bengaluru corridor load profile.
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V. THE DEEP-Q-POWER REINFORCEMENT
LEARNING ALGORITHM

The Deep-Q-Power (DQP) algorithm, whose flowchart is
presented in Fig. 2, is formulated as a Markov Decision
Process (MDP) with a continuous state space and a discretized
action space. The MDP is defined by the tuple (S, A, P, R, y),
where S is the 18-dimensional state vector, A is the 12-
dimensional action space, P is the state transition probability,
R is the reward function, and y = 0.97 is the discount factor.
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Fig. 2: Deep-Q-Power Reinforcement Learning Control Algorithm
Flowchart

State Vector (S): The 18-dimensional state vector includes
three-phase voltages and currents at the PCC (6 variables),
DC-link voltage and state of charge (2), estimated harmonic
magnitudes for orders 3, 5, 7, 11, 13 (5), instantaneous EV
charging cluster demand and rate of change (2), and ambient
temperature of the compensator heat sink (1). This
comprehensive state representation enables the DQP agent to
distinguish between steady-state harmonic loading and
transient surge events, selecting fundamentally different
compensation strategies for each.

Action Space (A): The 12-dimensional action space
covers direct-axis and quadrature-axis reference current
magnitudes for the DSTATCOM VSC (2), reactive power
dispatch setpoints for up to 8 enrolled DG inverters (8), and a
binary grid-forming / grid-following mode selector (1) plus an
islanding detection confidence threshold (1). Actions are
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quantized at 256 levels per dimension, providing sufficient
resolution for THD control below 1.5%.

Reward Function (R): The reward at each time step is
defined as: R(t) = —w1-THD(t) — w2:|AV(t)| — w3-P_loss(t) +
w4-1_headroom(t), where w1=0.5, w2=0.3, w3=0.1, w4=0.1
are weighting coefficients calibrated on the training dataset.
The headroom bonus term incentivizes the agent to maintain
thermal margin in the DSTATCOM for absorbing unforeseen
surge events, a design choice critical for the corridor's
unpredictable EV charging behavior.

LSTM Predictive Module: An LSTM network with two
hidden layers (128 and 64 units) processes a 50-step historical
window of grid state observations at 10 kHz sampling rate,
outputting a 500-microsecond ahead prediction of load
harmonic content. This predictive output is concatenated with
the current state vector before being passed to the DQN policy
network, enabling the agent to begin compensation injection
before the harmonic disturbance fully manifests at the PCC.

VI. MATHEMATICAL FORMULATION FOR 2026
SYSTEMS

A. Adaptive DC-Link Voltage: The DC-link voltage
(Vdc) selection has evolved from the 2017 standard. Due to
high-frequency transients in EV fast charging, the adaptive
formula for Vdc in a non-stiff 2026 grid is governed by the
EV variability index (&):

Vde(t)=1.6 xVmx (1+& EV) ..(Eq.1)

where Vm is the peak phase voltage (339.4V for 240V
rms), and & EV represents the instantaneous normalized rate-
of-change of EV charging cluster power demand. Under the
Bengaluru corridor maximum surge scenario (50 chargers
switching simultaneously at 350kW each), £ EV peaks at
0.38, driving Vdc to 750V—a 20.5% dynamic uplift above the
nominal 622V for standard 240V systems.

B. Dynamic Interfacing Inductance: The interfacing
inductance (Lf) is rendered dynamic through magnetic
amplifier circuits that adjust core permeability based on
instantaneous switching frequency. The Lf selection criterion
for 100 kHz SiC operation is:

Lf(fsw) = Vdc / (8 x fsw x Aimax) ...(Eq. 2)

At fsw = 100 kHz and Aimax = 2% rated current, Lf =
93.75 uH, compared to 520 uH for the 2017 10 kHz
baseline—an 82% inductance reduction enabling bandwidth
expansion to 5 kHz. During low-harmonic periods when fsw
dynamically reduces to 40 kHz, Lf increases to 234 pH,
reducing switching losses by 31% while maintaining adequate
harmonic attenuation.

C. Bellman Optimality for DQP Policy: The DQN policy
is trained to approximate the optimal action-value function
Q*(s,a) satisfying the Bellman equation:

Q*(s,a) =E[R(t) +y x max_a' Q*(s',a") |s,a] ...(Eq.3)

Training employs experience replay with a buffer of
100,000 transitions, mini-batches of 512 samples, and a target
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network update frequency of 1000 steps. The network
architecture is a 5-layer fully connected neural network (18-
256-256-128-12), trained using the Adam optimizer with a
learning rate of 0.0005 and gradient clipping at norm 1.0 to
prevent divergence during the high-variance early training
phase.

VII. SIMULATION SETUP AND VALIDATION
METHODOLOGY

The Deep-Q-Power framework was trained and validated
using a two-phase methodology. In Phase 1 (Offline
Training), the DQP agent was trained for 1,000 episodes in a
MATLAB/Simulink co-simulation environment replicating
the Bengaluru Smart Industrial Corridor: a 33-bus, 11 kV
distribution feeder with 5 MW solar PV (8 clusters), 2 MW
wind (3 nodes), 50 UFEV chargers at 350 kW each, and 4.8
MW aggregate industrial non-linear load. Each episode
covered 20 simulated seconds with a 10-microsecond time
step, generating 4 million state-action-reward-state tuples per
episode for the experience replay buffer.

In Phase 2 (Hardware-In-Loop Validation), the trained
DQP policy was deployed on a dSPACE DS1007 HIL
platform connected to a scaled 5 kVA DSTATCOM physical
prototype. Seven test scenarios were executed: (T1) baseline
unmanaged grid; (T2) ISCT 2017 reference; (T3) DQP
steady-state with 30% DG penetration; (T4) DQP with 60%
DG penetration; (T5) DQP during simulated UFEV surge (0
to 100% in 0.15s); (T6) DQP grid-forming islanding and
reconnection; and (T7) DQP under simulated cyber-attack
(harmonic injection attack). The training convergence
behavior of the DQP agent across 1,000 training episodes is
depicted in Fig. 5.
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Fig. 5: Deep- Q Power Training Convergence—Cumulatlve
Reward and THD Reduction over 1000 Episodes

VIII. VIII. CASE STUDY: BENGALURU SMART
INDUSTRIAL CORRIDOR (2026)

The Bengaluru Smart Industrial Corridor (BSIC)
represents a prototypical 2026 smart grid challenge: a mixed
industrial-commercial feeder supporting 5 MW of solar PV, 2
MW of wind generation, and 50 ultra-fast EV chargers rated
at 350 kW each (17.5 MW aggregate charging capacity). In
the unmanaged baseline state, THD levels at the primary
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distribution transformer reached 18.4% during peak afternoon
charging sessions (14:00-17:00 IST), resulting in equipment
malfunction events, capacitor bank failures, and an estimated
INR 2.3 crore in annual equipment degradation costs.

Table II presents the comprehensive quantitative
performance comparison between the unmanaged baseline,
the 2017 ISCT DSTATCOM reference, and the proposed
Deep-Q-Power system across all seven test scenarios defined

in Section VII.

Table II: Comprehensive Performance Comparison — BSIC

Case Study
Performance Metric Unmanaged 2017 ISCT DQP 2026
THD at PCC (%) 18.4% 5.1% 1.1%
Voltage Deviation (+%) 8.2% 5.0% 0.5%
Fault Recovery (cycles) 18+ 6.0 1.8
Hosting Capacity (MW) 7.0 12.0 28.5
Power Factor 0.78 lag 0.88 lag 0.999 lead
Comp. Response (ms) N/A 18 ms 1.6 ms
Annual Equipment Loss Baseline -38% -81%
CO2 Mitigation Baseline +12% +31%

During the EV surge scenario (T5), the DQP agent
activated cooperative DG reactive power dispatch within 0.8
ms of detecting the surge onset, distributing 1.4 MVAR of
reactive compensation across 6 enrolled solar inverters while
simultaneously adjusting DSTATCOM injection. This
cooperative response maintained PCC voltage within +0.5%
throughout the 0.15-second surge ramp, a result unachievable
by single-device compensation alone. Equipment lifespan in
the industrial park is projected to increase by 22% due to
sustained clean power delivery.

IX. COMPARATIVE PERFORMANCE ANALY SIS

Fig. 3 presents a visual comparative analysis of the three
principal performance metrics—THD reduction, voltage
deviation control, and fault recovery time—across the
unmanaged baseline, 2017 ISCT DSTATCOM, and the
proposed Deep-Q-Power system. Table III extends this
comparison to include four additional control strategies from
recent literature evaluated under equivalent BSIC loading

conditions.
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Fig. 3: Comparative Performance—THD (%), Voltage Deviation
(%), and Fault Recovery (cycles)

Table III: Comparative Control Strategy Analysis Under BSIC

Loadin
Control Strategy THD Response Grid-
Achieved Time Forming
PI-ISCT 2017 [1] 4.8-52% 18 ms No
FLC-Enhanced [5] 2.6-3.1% 8.5 ms No
LSTM-ANN 2022 [4] 1.7-2.1% 4.0 ms Partial
MPC-Based 2023 [6] 1.4-1.8% 3.2 ms Partial
Deep-Q-Power [This] 0.9-1.1% 1.6 ms Full VSM

The Deep-Q-Power system demonstrates consistent
superiority across all three comparison dimensions. The 10.6x
response time improvement over the 2017 ISCT baseline is
attributable to FPGA-accelerated LSTM inference and the
elimination of the ISCT one-cycle computation delay. The
residual THD advantage over the MPC-based 2023 approach
stems from DQP's predictive compensation window: by
injecting anti-phase current 500 microseconds before the
disturbance arrives at the PCC, DQP eliminates harmonics
that MPC—a feedback controller—can only reactively
attenuate.

X. GRID-FORMING AND RESILIENCE STRATEGIES

A critical capability addition in 2026 is full Grid-Forming
operation via Virtual Synchronous Machine (VSM)
emulation. Unlike the grid-following systems of 2017, the
DQP-controlled DSTATCOM acts as a virtual synchronous
generator during upstream network failures. The voltage
profile during a grid fault, island detection, autonomous
islanded operation, and grid reconnection sequence is
depicted in Fig. 4.
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Fig. 4: Terminal Voltage Profile During Grid Fault, DOP
Islanding, and Reconnection Sequence

The VSM emulation engine models a virtual rotor inertia
constant H = 4.5 seconds and a virtual damping coefficient D
= 12 Nms/rad, providing synthetic frequency response that
stabilizes the microgrid frequency within +0.15 Hz during
islanded operation. When the upstream grid fault was detected
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at t=0.04s—via rate-of-change-of-frequency (ROCOF)
exceeding the IEEE 1547-2018 threshold of 0.5 Hz/s—the
DQP agent transitioned the DSTATCOM to grid-forming
mode within a single control cycle (100 microseconds).

During the 2.1-second islanded period in the BSIC test
scenario, the DQP system maintained microgrid frequency at
50.00 + 0.12 Hz and voltage at 0.95 £+ 0.008 p.u., enabling
uninterrupted operation of all 50 UFEV chargers at derated
power. Upon grid restoration at t=2.1s, the reconnection
synchronization algorithm achieved phase angle matching
within 0.3 degrees before closing the tie-switch, eliminating
the transient current spike that caused transformer saturation
in the 2017 reference system during reconnection.

XI. CYBER-PHYSICAL SECURITY IN 2026 POWER
SYSTEMS

With the DQP Engine communicating control signals to
distributed smart inverters across the corridor's 6G mesh
network, the DSTATCOM system presents an expanded
cyber-attack surface compared to isolated compensators of
2017. The proposed framework addresses this through a
multi-layer security architecture: a Blockchain-Verified
Control Signal Ledger, an Anomaly Detection Module, and a
Fail-Safe Hardware Interlock.

The Blockchain Ledger implements a permissioned
distributed ledger wusing a Proof-of-Authority (PoA)
consensus mechanism among the corridor's 14 enrolled
control nodes. Every dispatch command from the DQP
Engine to an inverter VSC carries a cryptographic signature
generated using Elliptic Curve Digital Signature Algorithm
(ECDSA) with a 256-bit key. Signature verification occurs in
hardware at the receiving VSC gate driver within 0.8 ms,
preventing unauthorized command injection without
introducing control latency exceeding the 2 ms DQP response
budget.

During the T7 cyber-attack scenario, a simulated
Harmonic Injection Attack was launched by spoofing a
control signal commanding inverter 3 to inject 15% Sth-order
harmonic current at the PCC. The Anomaly Detection
Module—a one-class Support Vector Machine trained on 8
months of legitimate control signal traffic—flagged the
command as anomalous within 0.3 ms. The Fail-Safe
Hardware Interlock immediately isolated inverter 3’s
communication channel and transferred its reactive power
duty to inverters 4 and 5, maintaining THD at 1.3%
throughout the attack window with zero interruption to EV
charging operations.

XII. ECONOMIC AND ENVIRONMENTAL IMPACT
ANALYSIS

The economic case for DQP deployment extends across
four value streams: equipment lifespan extension, regulatory
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compliance revenue, energy loss reduction, and carbon credit
monetization. Table IV presents a 10-year net present value
(NPV) analysis for a BSIC-scale deployment (10 MVA
feeder, 60% DG penetration, 50 UFEV chargers) with a
system CapEx of INR 3.8 crore including the DSTATCOM
hardware, HES modules, and DQP Engine platform.

Table IV: 10-Year Economic Impact Analysis (BSIC-Scale

Deployment)
Value Stream Annual Benefit NPV @ 10yr
(INR Lakh) (INR Crore)
Equipment Lifespan 38.4 2.36
Extension
DASR Compliance Revenue 22.6 1.39
Energy Loss Reduction 17.2 1.06
(81%)

Carbon Credit (GIRE-2025) 14.8 091
Reduced Outage Costs 11.5 0.71
Total Benefits 104.5 6.43
System CapEx (Year 0) — 3.80
Net NPV (8% discount) — 2.63

The 10-year NPV of INR 2.63 crore on a INR 3.80 crore
investment represents a payback period of approximately 4.2
years—well within the 15-year design life of the SiC-VSC
hardware. The dominant benefit stream is equipment lifespan
extension (36.8% of total benefits), driven by the 81%
reduction in harmonic-induced thermal cycling stress in
distribution transformers, cable insulation, and capacitor
banks. The DASR compliance revenue stream (21.6%) is
particularly notable as it represents a recurring income that
grows with the regulatory maturity of the PQ compliance
market, which the IEA projects will expand by 340% across
Asia-Pacific by 2030.

XII. CONCLUSION

The integration of distributed generation in 2026 has
reached its maturity but has brought forth new complexities in
power quality that demand an equally mature technological
response. This research has demonstrated that a synergistic
approach—combining a Deep-Q-Power reinforcement
learning engine with cooperative smart inverter coordination,
grid-forming VSM capability, and blockchain-secured cyber-
physical protection—is the definitive path to a stable,
resilient, and Net-Zero compliant smart grid.

The Deep-Q-Power algorithm achieves 1.1% THD and
+0.5% voltage deviation at the Bengaluru Smart Industrial
Corridor, surpassing all reviewed prior art on both
dimensions. Grid-forming islanding is achieved in a single
control cycle (100 microseconds), with reconnection
completed within 1.8 cycles—eliminating the transformer
saturation transients that afflicted 2017-generation
reconnection procedures. The 10-year NPV analysis confirms
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economic viability with a 4.2-year payback period, driven by
equipment lifespan extension and DASR compliance revenue.
The transition from 2017's math-based ISCT control to
2026's predictive Deep-Q-Power Al control marks a true
paradigm shift in distribution engineering. Future work will
focus on federated multi-feeder DQP coordination, enabling
corridor-scale reinforcement learning without sharing raw
grid data, and on the integration of quantum-resistant
cryptography for the blockchain security layer in anticipation
of post-quantum cybersecurity mandates projected for 2028.
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