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Abstract

Distribution networks must restore healthy loads after faults without violating voltage, thermal, or radial
topology constraints. This paper proposes an enhanced multi-agent reinforcement learning (MARL)
framework for self-healing distribution networks under power quality constraints. The IEEE 33-bus radial
distribution system is modeled in Python using pandapower, while the learning model is implemented in
PyTorch. Fault isolation and service restoration are formulated as coordinated switching decisions over five
normally open tie switches. A radiality-preserving repair mechanism is introduced to prevent looped post-
restoration configurations, and a power-quality-aware reward function prioritizes restored load while
penalizing voltage violations, line overloads, power losses, excessive switching, non-radiality, and power-
flow failure. All feasible fault-restoration combinations are precomputed using pandapower and used as a
cache during training. Across five fault scenarios, the enhanced MARL restored all recoverable loads,
maintained radial topology, produced zero voltage violations and zero-line overloads, and achieved an
average restored load of 82.48%, matching the exhaustive radial search benchmark. The average reward
differed only slightly from exhaustive search (404.31 versus 404.53), while average losses were lower than
the single-agent DQN baseline.

Keywords: multi-agent reinforcement learning; self-healing distribution networks; service restoration;
power quality, distribution network reconfiguration; pandapower, PyTorch.
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1. Introduction

Electrical distribution networks are being pushed toward more automated and flexible operation
because they are no longer passive radial feeders serving predictable loads. Active distribution
systems increasingly include distributed energy resources, controllable switches, variable demand,
and monitoring devices, all of which make post-fault operation more data-driven and time-critical.
Recent work on self-healing distribution grids emphasizes that modern outage management must
combine fault isolation, network reconfiguration, and service restoration rather than treating
restoration as a manual switching exercise (Jo et al., 2024; Jacob et al., 2024; Meteab et al., 2025).
The practical challenge is that restoring loads after a fault is not equivalent to simply reconnecting
as many buses as possible. A switching plan can energize disconnected customers while
simultaneously creating low-voltage buses, overloaded lines, excessive losses, or a non-radial
topology. Distribution network reconfiguration studies therefore treat restoration as a constrained
optimization problem in which load recovery, voltage quality, loss reduction, and network
topology are jointly considered (Lotfi et al., 2024; Jia et al., 2024; Puma et al., 2024). This is
especially relevant in radial distribution systems, where looped configurations may be
unacceptable for protection coordination and operational practice.

Self-healing operation is normally described as a sequence of fault detection, isolation, and
restoration actions. The literature has proposed several optimization-based solutions for this task,
including particle swarm optimization, genetic algorithms, arithmetic optimization, robust
reconfiguration, and other metaheuristic or mathematical formulations (Choobdari et al., 2024;
Huang et al., 2025; Muifioz et al., 2025; Wu et al., 2024). These approaches are valuable, but they
often require repeated optimization whenever the system state changes. In near-real-time
restoration, a trained decision-making model may offer a faster alternative once it has learned the
relationship between fault location, switching options, and power-flow feasibility.

Reinforcement learning (RL) has consequently become a promising direction for distribution
network reconfiguration and service restoration. Deep RL has been used to learn switching
policies, manage large action spaces, and incorporate power-flow feedback into sequential
decision-making (Gholizadeh & Musilek, 2024; Guo et al., 2025; Jo et al., 2024). Graph-based RL
has also been explored for outage management because network topology is central to the
restoration problem (Jacob et al., 2024; Liu et al., 2025). These developments suggest that
learning-based restoration can reduce dependence on repeated online optimization, provided that
the learning process respects engineering constraints.

Multi-agent reinforcement learning (MARL) is particularly relevant because distribution
restoration naturally involves several switching devices or network zones. Multi-agent methods
have been applied to voltage control, converter coordination, distributed Volt-VAR control, and
smart-grid control problems where local devices must coordinate through shared operational
objectives (Su et al., 2024; Zhao et al., 2023; Zhang et al., 2024; Wu et al., 2025). However, in
self-healing restoration, a naive multi-agent design can select tie-switch actions independently and
create looped configurations. Thus, a MARL restoration framework must enforce radiality and
power quality while still preserving coordinated learning.

The present paper addresses this issue by proposing an enhanced MARL framework for self-
healing distribution networks under power quality constraints. The model is developed around the
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IEEE 33-bus distribution system, implemented in Python, simulated with pandapower, and trained
using PyTorch. The core contribution is not only the use of MARL, but also the integration of a
radiality-preserving restoration repair mechanism and a power-quality-aware reward function. The
framework is evaluated against fault isolation only, a single-agent DQN baseline, and an
exhaustive radial search benchmark.

The main contributions of the paper are as follows. First, it formulates post-fault restoration as a
coordinated multi-agent switching problem under voltage, line loading, loss, radiality, and power-
flow feasibility constraints. Second, it introduces a radiality-preserving repair mechanism that
converts candidate tie-switch actions into valid radial restoration plans. Third, it uses a centralized-
training and decoded multi-agent execution structure so that coordinated joint actions are learned
and then decoded into individual tie-switch decisions. Fourth, it validates the framework on five
fault scenarios and demonstrates near-optimal restoration relative to exhaustive radial search while
maintaining power quality constraints.

The remainder of the paper is organized as follows. Section 2 reviews related studies on self-
healing networks, distribution reconfiguration, power quality, RL, and MARL. Section 3 presents
the system model and problem formulation. Section 4 describes the proposed enhanced MARL
methodology. Section 5 explains the simulation setup. Section 6 reports and discusses the results.
Section 7 concludes the paper and outlines future work.

2. Literature Review

2.1 Self-Healing and Service Restoration in Distribution Networks

Self-healing distribution networks aim to reduce outage impact by automatically identifying the
faulted area, isolating it, and restoring service to healthy sections. Jo et al. (2024) framed self-
healing radial distribution network reconfiguration as a deep reinforcement learning problem and
emphasized service restoration as a post-fault switching-control task. Jacob et al. (2024) presented
graph reinforcement learning for real-time outage management in active distribution networks,
explicitly considering switching control and emergency load shedding. Meteab et al. (2025)
proposed a self-healing framework integrating fault detection, isolation, restoration, and network
reconfiguration, with validation on an IEEE 33-bus radial distribution system.

Recent self-healing studies also show that restoration is increasingly integrated with flexible
resources and renewable generation. Jiang et al. (2025) considered wind and solar accommodation
in a distribution network fault self-healing strategy, while Pang et al. (2025) combined network
partitioning with flexible resource aggregation for fault self-healing. Ni et al. (2025) examined
self-healing strategies with AC flexible interconnection devices, and Li et al. (2025) used an E-
SOP-based recovery strategy for flexible interconnected distribution networks. These works
support the view that restoration should be treated as an integrated operational problem rather than
a simple switching sequence.

Although the exact control architectures differ, these studies converge on three central
requirements: restoration decisions should be fast, technically feasible, and consistent with
distribution-network operating constraints. The present paper follows this direction by focusing on
a self-healing framework that restores healthy loads while explicitly evaluating radiality, voltage
limits, line loading, and losses after each restoration action.
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2.2 Distribution Network Reconfiguration

Distribution network reconfiguration (DNR) provides the main operational mechanism through
which service restoration is implemented after fault isolation. DNR changes the status of
sectionalizing and tie switches to modify network topology, reduce losses, improve voltage
profiles, and restore loads. Lotfi et al. (2024) reviewed DNR techniques and highlighted its
importance for efficiency, reliability, and flexibility in modern distribution systems. Jia et al.
(2024) proposed an improved arithmetic optimization algorithm for DNR, while Puma et al. (2024)
used a hyperbolic tangent particle swarm optimization method to optimize reconfiguration
decisions.

Optimization-based DNR methods can produce high-quality solutions, but their online
computational cost can increase with network size and number of switching devices. Choobdari et
al. (2024) addressed robust reconfiguration under renewable energy uncertainty, and Wu et al.
(2024) considered dynamic multiobjective DNR under load and distributed generation variation.
These examples show the increasing complexity of realistic reconfiguration problems. For this
reason, learning-based decision models are attractive when a large number of reconfiguration cases
must be evaluated or when fast response is required.

A key observation from the DNR literature is that restoration must preserve radial topology.
Closing a tie switch can create a loop, so another branch must typically be opened to restore a
radial configuration. This paper incorporates that principle through a radiality-preserving repair
mechanism. The mechanism is consistent with the operational logic of radial distribution feeders
and avoids the unrealistic non-radial solutions that can appear if learning agents close tie switches
without topology correction.

2.3 Power Quality and Operational Constraints

Power quality in distribution networks covers voltage adequacy, waveform quality, loading limits,
and continuity of supply. Zheng et al. (2024) presented a comprehensive assessment method for
power quality in active distribution networks, while Samuel et al. (2025) examined evaluation and
improvement of distribution-network power quality in a practical case. Wang et al. (2025)
discussed power quality control methods for active distribution networks with large-scale
renewable energy integration. These studies reinforce the idea that restoration decisions should be
assessed not only by load recovery but also by the electrical quality of the restored state.

Voltage control studies are also closely related to the present work. Suchithra et al. (2024) applied
deep reinforcement learning-based coordinated voltage control to enhance PV hosting capacity in
distribution networks. Su et al. (2024), Zhao et al. (2023), and Zhang et al. (2024) applied multi-
agent reinforcement learning to Volt-VAR or distributed voltage control. Although these works
focus mainly on voltage regulation rather than fault restoration, they demonstrate that learning
agents can use power-system feedback to maintain operational limits.

Technical losses and line loading are additional indicators of restoration quality. Parvizi et al.
(2025) reviewed mechanisms and mitigation strategies for technical losses in power networks, and
Xia et al. (2025) linked voltage-violation and transformer-overload risk assessment to short-term
load forecasting. These studies motivate the inclusion of line loading and power loss in the
proposed reward function. In this paper, power quality is represented through minimum voltage,
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voltage violations, maximum line loading, overloaded-line count, active power loss, and power-
flow convergence.

2.4 Reinforcement Learning and MARL in Power Systems

Deep reinforcement learning has been applied to reconfiguration because the switching problem
can be expressed as a decision process in which an agent selects actions and receives a reward
based on the resulting power-flow state. Gholizadeh and Musilek (2024) proposed a generalized
deep RL model for DNR with power-flow-based action-space sampling. Guo et al. (2025)
combined graph attention networks with reinforcement learning for dynamic reconfiguration of
active distribution networks. Ghaemipour et al. (2026) proposed an innovative replay method to
accelerate the learning process of deep RL algorithms in DNR. These studies show that RL can
learn reconfiguration policies from repeated simulation feedback.

Graph and data-driven approaches are especially relevant because distribution networks have
explicit topological structure. Jacob et al. (2024) used graph reinforcement learning for outage
management, while Liu et al. (2025) proposed graph-enhanced deep RL for distribution network
fault recovery. These works are close to the present paper because they connect fault recovery with
topology-aware learning. The present study differs by emphasizing a compact, reproducible
Python-pandapower-PyTorch workflow with explicit radiality repair and a power-quality-aware
reward.

MARL extends RL to systems where multiple decision makers or controllable devices share a
common objective. In power systems, MARL has been used for secondary voltage control in
microgrids (Wang et al., 2023), model-free voltage control in AC/DC distribution networks (Zhao
et al., 2023), distributed voltage control with soft open points (Zhang et al., 2024), and data-driven
voltage control under weak-grid support (Wu et al., 2025). These applications demonstrate the
value of coordinated learning when local actions interact through the network state.

A persistent difficulty in MARL is coordination. If each switching agent learns independently, the
joint action can be inconsistent or suboptimal. This paper addresses the coordination issue using a
centralized-training and decoded multi-agent execution structure. The model learns over the joint
action space and then decodes the selected action into five binary tie-switch decisions. This retains
a multi-switch execution interpretation while improving coordination across agents.

2.5 Research Gap

The reviewed studies provide strong foundations in self-healing restoration, distribution network
reconfiguration, power quality control, RL, and MARL. Yet three gaps remain. First, many
restorations and DNR studies either rely on online optimization or do not explicitly integrate
learning-based coordination with radiality correction. Second, several RL-based studies focus on
reconfiguration or voltage control, but fewer combine post-fault restoration, radiality-preserving
switching, and power-quality-aware reward design in one workflow. Third, independent multi-
agent structures can struggle with coordination when the reward depends on the full joint switching
pattern.

The proposed framework responds to these gaps by integrating enhanced MARL, radiality-
preserving repair, pandapower-based power-flow evaluation, and explicit power quality
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constraints in one simulation-based study. The intended contribution is a reproducible, technically
constrained learning framework rather than a purely algorithmic demonstration.

2.6 Design Rationale for the Proposed Framework

The design of the proposed framework follows directly from the limitations observed in the
reviewed literature. Self-healing studies show the need for rapid post-fault switching decisions,
DNR studies show the importance of radiality and loss-aware reconfiguration, power quality
studies show that restored service must remain electrically acceptable, and MARL studies show
that coordinated learning is useful when several devices interact through a shared network state.
The proposed method therefore combines these four requirements in a single workflow: post-fault
restoration, radial topology enforcement, power-quality evaluation, and coordinated learning.

A central modeling decision is to use power-flow feedback after each candidate restoration action.
This avoids treating the learning environment as a purely abstract control problem. Every reward
value is tied to a physical network state evaluated by pandapower. The approach is consistent with
DNR studies that rely on load-flow evaluation to judge feasibility and performance, while still
allowing the learning policy to be trained offline. In this sense, the method uses simulation not
only to generate results but also to define the learning environment.

Another design decision is to keep the action space interpretable. Each final action corresponds to
the status of five tie switches, and any additional branch opening is produced by the radiality repair
mechanism. This makes the result easier to audit than a black-box switching policy with no
topological explanation. The reported repair openings show which sectionalizing branches are
opened to remove loops. Such interpretability is important for power-system operation, where a
restoration plan must be reviewed by engineers and cannot be justified only by a numerical reward.
The proposed enhanced MARL structure is therefore positioned between two extremes. It is not a
fully decentralized independent-agent design, because such designs may struggle with
coordination. It is also not merely an exhaustive optimizer, because the trained network learns a
policy that can be evaluated quickly once trained. This middle position is appropriate for the
present problem: the model benefits from centralized training over the joint action space, but the
resulting action remains a coordinated set of individual switch commands.

3. System Model and Problem Formulation

The system model is built around the IEEE 33-bus radial distribution feeder, which is widely used
as a benchmark test system in distribution network reconfiguration and self-healing studies. The
feeder data were implemented in pandapower following the standard IEEE 33-bus configuration
commonly adopted in recent distribution network reconfiguration and restoration research (Jo et
al., 2024; Gholizadeh & Musilek, 2024; Meteab et al., 2025; Lotfi et al., 2024). The test feeder
includes 33 buses, 32 normally closed sectionalizing branches, five normally open tie branches,
and one slack/source bus. The total connected active load is 3.715 MW. Each restoration action is
evaluated through a backward-forward sweep power-flow calculation. The test system and
simulation parameters are summarized in Table 1.

Vol 8, No.2, Jun - Dec. 2026 | OPEN ACCESS - Creative Commons CC anan & 0.
2

3



S J S T

sjst.scst.edu.ly

Surman Journal for Science and Technology
ISSN: Online (2790-5721) - Print (2790-5713)

48 5 o glall (e e dlaa
Vol 8, No.2. Jun — Dec. 2026
Pages: 018 ~ 040

Table 1. IEEE 33-Bus Test System Parameters

Parameter Value
Test system IEEE 33-bus radial distribution network
Number of buses 33
Normally closed sectionalizing branches 32
Normally open tie branches 5
Slack/source bus Bus 1
Base voltage 12.66 kV
Base apparent power 10 MVA
Total connected active load 3.715 MW
Power system simulation tool pandapower
Learning framework PyTorch
Programming environment Python

Source: Authors’ pandapower implementation based on the standard IEEE 33-bus benchmark
configuration commonly used in recent distribution network reconfiguration and self-healing studies (Jo et
al., 2024; Gholizadeh & Musilek, 2024; Meteab et al., 2025; Lotfi et al., 2024), with numerical values

verified from the final simulation output files.

Five line-fault scenarios are defined to represent different levels of restoration difficulty. The F1

case is a near-source fault, while the remaining cases occur in mid-feeder, lateral, far-end, and
high-load sections. The faulted line is isolated in every scenario and remains out of service. Table

2 lists the simulated fault scenarios. The interpretation of F1 is important because a fault close to
the source can structurally limit the amount of load that can be restored by the available tie

switches.
Table 2. Fault Scenario Description
Scenario Faulted Line Fault L.O cz.ltlon Restoration Interpretation
Description
F1 L2-3 Near-source fault Severe upstream c-ontlngenc-y. with limited
restoration capability
0 L7-8 Mid-feeder fault Recoverable fault thr.ough tie-switch
restoration
F3 1L3-23 Lateral-branch fault Recoverable lateral feeder fault
F4 L30-31 Far-end fault Recoverable downstream fault
F5 12425 Heavy-load-area fault Recoverable fausl‘; gtfif:r?tlng a high-load

Source: Authors' fault-scenario design in the simulation notebook.
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IEEE 33-Bus Distribution Network with Tie Switches and Fault Scenarios
(]

Figure 1. IEEE 33-bus distribution network with fault locations and tie switches. Source: Authors’ diagram
generated from the pandapower implementation of the standard IEEE 33-bus benchmark feeder, following
recent distribution network reconfiguration and self-healing studies (Jo et al., 2024; Gholizadeh & Musilek,
2024; Meteab et al., 2025, Lotfi et al., 2024), with fault scenarios defined by the authors.

The restoration objective is to maximize the amount of healthy load restored after fault isolation
while satisfying power quality and topology constraints. The restored load percentage is computed
as the ratio between the supplied active load and the total connected active load:

Lrestored(%) = (SumiinOmegasPi/SumiinOmegaLPi)xlOO (1)
where Omegags is the set of supplied load buses, Omega,, is the set of all load buses, and P; is
the active load at bus i. This metric is used in both the reward function and the final evaluation
tables.

The voltage constraint requires all supplied buses to remain within the adopted operating range:
Vpin < V; < V,ax, foralliinOmegag  (2)

In this study, V,,in is set to 0.90 p.u. and V,,,ax to 1.05 p.u. The lower limit is selected because

the uncompensated IEEE 33-bus feeder may operate below 0.95 p.u. under standard loading, as

also reflected in the baseline simulation. A stricter 0.95 p. u. case would require explicit voltage-

support devices, such as capacitors, distributed generation, or reactive power support.

Line loading is constrained by the allowable current limit of each branch:
Loading; = (|I;|/1]"ax)x100 < 100%, foralllinOmegar  (3)

Active power loss is evaluated as an operational efficiency indicator:

Poss = SurnlinOmegaERlIIll2 4)
A radiality constraint is imposed because the restored distribution network must not contain
energized cycles: CG)=0 (5
where C(G)is the number of cycles in the energized network graph G. For a connected supplied
radial component, the number of active branches must satisfy:

|Omegagctive| = |Omegagupplied| —1 (6)
The fault-isolation constraint keeps the faulted line disconnected during restoration:

xr =10 (7)
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Table 3. Power Quality and Operational Constraints

Constraint Mathematical Form Adopted Limit / Condition
Voltage lower limit Vi = Vyin Vpin = 0.90p. u.
Voltage upper limit V; < V,ax Vyax = 1.05p.u.

Line loading limit Loading; < Loading,,ax Loading,ax = 100%
Radial topology CG)=0 No cycles allowed
Fault isolation x =0 Fau};e d line remains
isconnected
Power-flow feasibility PFE.onv =1 Power flow must converge

Source: Authors' problem formulation and simulation settings.

4. Proposed Enhanced MARL Methodology
The proposed framework treats restoration as a coordinated switching-control problem. Once a
fault is isolated, the learning model selects a restoration action over the five tie switches. Each tie-
switch action is binary, where 0 denotes an open switch and 1 denotes a closed switch. The joint
action vector is expressed as:

A = [aq4,a,,a;3,a4,as],a;in0,1  (8)
The total joint action space is therefore: |A] =25 =32 (9)

ORETEICE RopI08
L] e

Figure 2. Proposed Enhanced MARL self-healing framework. Source: Authors' conceptual design based
on the implemented simulation workflow.

pscoursiel | wwowr | psean | pwspom | paeenor [ petaou
EUYSUCER Wi

4.1 Radiality-Preserving Restoration Repair

A direct tie-switch action can create a loop. Instead of accepting such a non-radial solution, the
proposed method applies a radiality-preserving repair mechanism. The mechanism detects cycles
after tie-switch closure, identifies candidate sectionalizing branches in the cycle, evaluates their
effect through power flow, and opens the branch that provides the highest reward while restoring
radial topology. This step is essential because a learning model that only closes tie switches may
produce technically invalid restoration states.

|

Figure 3. Radiality-preserving restoration repair mechanism. Source: Authors' algorithmic design

implemented in the simulation notebook.

4.2 Reward Function
The reward function is designed to prioritize service restoration while penalizing violations of
power quality and operating constraints. The enhanced reward function is written as:

R = w,L,estored — wyN, —woNy — wp(100P,0ss) — wgNs — wgC(G) — wrlail (10)
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where L,estored is the restored load percentage, Ny, is the number of voltage violations, Ny, is the
number of overloaded lines, P;oss is active power loss in MW, N is the number of switching
actions, C(G) is the number of cycles, and I¢ail is a binary indicator of power-flow failure. The
selected weights are shown in Table 4. The high non-radial and power-flow-failure penalties act
as safety terms, while the restored-load weight encourages the learning model to prefer complete
service recovery whenever feasible.

Table 4. Enhanced Reward Function Weights

Reward Component Role Weight
Restored load Positive reward 5.00
Voltage violation Penalty 15.00
Line overload Penalty 15.00
Power loss Penalty 0.50
Switching action Penalty 0.25

Non-radial topology Hard penalty 1000.00

Power-flow failure Hard penalty 1000.00

Source: Authors' enhanced reward design used in the final training run.

Pawer Loss
Pend’

Restored Load
Peward

Swite
Penalty

-
mw Failure
Penalty
Non-Rdial
Penalty

Figure 4. Power-quality-aware reward function components. Source: Authors' reward-function design
derived from the proposed formulation.

4.3 Enhanced MARL Structure

The final learning model uses a centralized-training and decoded multi-agent execution structure.
During training, the Q-network learns over the joint action index. The selected action index is then
decoded into the five binary tie-switch actions. This structure improves coordination because the
value function evaluates the effect of the complete switching pattern rather than five isolated local
decisions. The approach remains compatible with multi-agent execution because the final joint
action is implemented as individual tie-switch statuses.

The state vector includes the active fault scenario encoded as a one-hot vector, restored load ratio,
minimum bus voltage, maximum line loading, active power loss, and radial status:
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sy = [F,ne — hot, L.estored, V,,in, Loading,ax, P,oss, Rstatus] (11)
The DQN target and loss follow the standard deep Q-learning form:
Ve =1t + gammamaxy Qeneta— (Se41,a’) (12)
L(theta) = (y; — Q;heta(s,, at))2 (13)
The joint action decoding is expressed as:

a’loint — [al, as, Az, ay, as] (14)

Table 5. Enhanced MARL Training Parameters

Parameter Value
Learning approach Enhanced MARL with CTDE-style joint-action
learning
Action representation Joint action decoded into five tie-switch decisions
Number of tie switches 5
Joint action space size 275 =132
Training episodes 10,000
Discount factor gamma 0.95
Learning rate 0.001
Batch size 64
Replay buffer size 10,000
Target network update frequency 50 episodes
Epsilon start 1.00
Epsilon end 0.02
Epsilon decay portion 85% of training episodes
Neural network hidden layers 128 neurons, 128 neurons
Activation function ReLU
Optimizer Adam

Source: Authors' PyTorch training configuration in the final experiment.

5. Simulation Setup

The experimental workflow was implemented entirely in Python. pandapower was used to model
the network, run power-flow calculations, and evaluate voltage, line loading, and active power loss
after each restoration candidate. PyTorch was used to implement the Q-network, replay buffer,
target network update, and epsilon-greedy training policy. NetworkX was used for connectivity
and cycle detection in the radiality-preserving repair mechanism.

For computational efficiency, all feasible combinations of fault scenario and tie-switch action were
precomputed. Since there are five fault scenarios and 32 tie-switch combinations, 160 candidate
cases were evaluated with pandapower. Each candidate case was repaired for radiality where
necessary, power-flow results were recorded, and the reward was computed. During training, the
model used this restoration cache rather than repeatedly running a power flow for identical cases.
The cache does not alter the numerical basis of the results because every cached reward and metric
was originally obtained from pandapower power-flow evaluation.
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The proposed method was compared with three benchmarks. The first benchmark, fault isolation
only, represents the post-fault network after the faulted line is isolated and no restoration action is
taken. The second benchmark, exhaustive radial search, evaluates all 32 tie-switch combinations
for each fault and selects the one with the highest reward after radiality repair. The third
benchmark, single-agent DQN, uses one centralized DQN agent to select among the 32 joint
switching actions. The enhanced MARL model is then evaluated using the same scenarios and
metrics.

The performance indicators are restored load percentage, minimum voltage, number of voltage
violations, maximum line loading, number of overloaded lines, active power loss, radiality status,
cycle count, power-flow convergence, and reward. These indicators provide a combined view of
service restoration, power quality, network topology, and operating efficiency.

5.1 Reproducibility and Experimental Controls

Several controls were used to keep the experiment reproducible. The same network data, faulted
lines, reward weights, voltage limits, and line-loading limits were used for all methods. The fault
isolation only case, single-agent DQN, exhaustive radial search, and enhanced MARL were
evaluated using the same pandapower-based metric calculations. This prevents performance
differences from being caused by different load-flow models or inconsistent constraint definitions.
The comparison also uses the same radiality repair logic for restoration candidates. This point is
important because a method that is allowed to keep non-radial loops could appear to restore more
load while producing an invalid distribution topology. By applying the same radiality-preserving
mechanism before reward evaluation, the comparison focuses on the quality of the selected
switching plan rather than on differences in feasibility screening.

The training process was performed using an epsilon-greedy exploration strategy, replay memory,
and a target network update procedure. These elements were included to stabilize Q-learning and
reduce the likelihood that the policy would converge to a narrow set of early exploratory actions.
The training curve is therefore interpreted together with the final benchmark comparison, because
a high training reward alone is not sufficient unless the final selected actions also satisfy the
engineering constraints.

5.2 Evaluation Protocol

The evaluation protocol was designed to separate feasibility, restoration quality, and learning
performance. Feasibility was checked through power-flow convergence, radiality status, voltage
violations, and overloaded-line counts. Restoration quality was assessed through restored load
percentage and power loss. Learning performance was assessed through the training reward curve
and the final deterministic policy selected with zero exploration. This separation is important
because a learning model may show a high training reward but still fail engineering feasibility if
the reward is not properly constrained.

For the final comparison, each method was evaluated once for each of the five predefined fault
scenarios using the trained or selected deterministic policy. The resulting tables therefore report
operational outcomes rather than exploratory training samples. This makes the comparison closer
to a practical post-training deployment setting, where the controller receives a fault scenario and
must return a final restoration action.
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6. Results and Discussion

6.1 Baseline Operating Condition

The baseline power-flow analysis was performed before any fault was introduced. The full
connected active load of 3.715 MW was supplied, corresponding to 100% load restoration. The
minimum bus voltage was 0.9038 p.u., the maximum bus voltage was 1.0000 p.u., and the
maximum line loading was 52.72%. Under the adopted voltage range of 0.90-1.05 p.u., no voltage
violations and no line overloads occurred. The baseline active power loss was 0.2110 MW, and
the network remained radial. These results establish the normal operating reference for the post-
fault restoration tests.

6.2 Training Performance

The enhanced MARL model was trained for 10,000 episodes. The training curve in Figure 5 shows
that the reward improved and stabilized as exploration decreased. The moving-average reward
indicates that the learning process converged toward high-reward restoration policies rather than
remaining dominated by low-quality or infeasible switching actions. This behavior is consistent
with the purpose of the enhanced reward function, which prioritizes restored load while penalizing
poor power-quality and topology outcomes.

Enhanced MARL Training Reward Curve
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Figure 5. Enhanced MARL training reward curve. Source: Authors' PyTorch training output from the
final simulation run.

6.3 Overall Comparative Performance

Table 6 summarizes average performance across the five fault scenarios. The enhanced proposed
MARL achieved an average restored load of 82.48%, equal to the exhaustive radial search and
single-agent DQN averages. This value is substantially higher than the 68.24% obtained by fault
isolation only. The result indicates that the learning-based restoration policy recovered the same
amount of load as the exhaustive benchmark, while preserving all imposed constraints.

Table 6. Overall Comparative Performance

Method Average Restored Average Power Average All Cases
Load (%) Loss (MW) Reward Radial
Fault Isolation Only 68.24 0.1234 335.02 Yes
Single-Agent DQN 82.48 0.1529 404.24 Yes
Exhaustive Radial Search 82.48 0.1430 404.53 Yes
Enhanced Proposed MARL 82.48 0.1455 404.31 Yes

Source: Authors' final comparative results computed from the simulation output files.
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The average reward of enhanced MARL was 404.31, very close to the exhaustive radial search
value of 404.53. This small difference shows that the trained learning model reached a near-
optimal switching policy under the reward structure. The enhanced MARL average power loss
was 0.1455 MW, slightly above exhaustive search but lower than the single-agent DQN average
0f 0.1529 MW. Thus, the enhanced multi-agent design matched the restoration level of the single-
agent baseline while producing lower average losses.

Average Restored Load Across All Fault Scenarios
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Figure 6. Average restored load summary across all fault scenarios. Source: Authors' final comparative
results.

6.4 Scenario-Based Restoration Results
Table 7 presents the restored load percentage for each fault scenario. In scenarios F2, F3, F4, and
F5, the enhanced proposed MARL restored 100% of the load. These cases represent recoverable
mid-feeder, lateral, far-end, and heavy-load-area faults. The results show that the model learned
restoration actions that fully re-energized all healthy loads in these scenarios while remaining
radial and satisfying power quality limits.

Table 7. Scenario-Based Restored Load Performance

Scenario Faulted Fault Isolation | Single-Agent | Exhaustive Radial | Enhanced Proposed
Line Only (%) DQN (%) Search (%) MARL (%)
F1 near-source L2-3 12.38 12.38 12.38 12.38
F2 mid-feeder L7-8 76.45 100.00 100.00 100.00
F3 lateral branch L3-23 74.97 100.00 100.00 100.00
F4 far-end L30-31 88.69 100.00 100.00 100.00
F5 heavy-load area L24-25 88.69 100.00 100.00 100.00

Source: Authors' scenario-level simulation results.

The F1 case behaves differently. All methods restored only 12.38% of the total load when line L2-
3 was 1solated. Since even exhaustive radial search could not improve this value, the limitation is
structural rather than algorithmic. The fault is close to the source, and the available tie-switch
configuration does not provide sufficient alternative paths to restore most of the feeder. In practical
systems, this type of severe upstream fault would require additional resources such as alternative
feeders, distributed generation, or network reinforcement.
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6.5 Power Quality and Topology Validation

The final restored configurations satisfied all considered power quality and topology constraints.

As shown in Table 8, power flow converged in all cases, radial topology was maintained, voltage

violations were zero, overloaded lines were zero, and cycle count was zero. These outcomes

confirm that the proposed method did not achieve service restoration by violating operating limits.
Table 8. Validation Summary of Final Restored Configurations

Validation Indicator Fault Isolation | Single-Agent | Exhaustive Radial Enhanced
Only DQN Search Proposed MARL
Power-flow convergence Yes Yes Yes Yes
Radial topology maintained Yes Yes Yes Yes
Voltage violations 0 0 0 0
Overloaded lines 0 0 0 0
Cycle count 0 0 0 0

Source: Authors' validation summary from the final experiment.

The minimum voltage for enhanced MARL ranged from 0.9061 p.u. to 0.9942 p.u. The lowest
values appeared in the F3 and F4 scenarios, but they remained above the 0.90 p.u. lower limit. The
maximum line loading also remained below 100% in every scenario, with the highest enhanced
MARL value equal to 53.23%. The voltage and line-loading figures provide visual confirmation
of these results.

Figure 8. Minimum voltage comparison under different fault scenarios. Source: Authors' final simulation
results.
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Figure 9. Voltage violations comparison. Source: Authors' final simulation results.
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Figure 10. Maximum line loading comparison. Source: Authors' final simulation results.
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6.6 Power Loss Analysis

Although the primary objective is load restoration, power loss remains an important operating
indicator. The enhanced MARL model produced an average power loss of 0.1455 MW. This is
slightly higher than the exhaustive radial search average of 0.1430 MW, as expected because
exhaustive search directly selects the highest reward among all feasible combinations. However,
enhanced MARL achieved lower average loss than the single-agent DQN baseline while restoring
the same amount of load. This suggests that coordinated joint-action learning improved the balance
between service restoration and loss performance.
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Figure 11. Power loss comparison under different restoration methods. Source: Authors' final simulation
results.

6.7 Voltage Profile of the F2 Scenario

The F2 mid-feeder fault is useful for visual inspection because the fault isolation only case supplies
less than the full load, while the restoration methods recover the disconnected healthy loads. Figure
12 shows the voltage profile for the selected F2 case. The restored voltage profile remains within
the adopted operating range and confirms that full service restoration was achieved without

violating the voltage constraint.

Voltage Profile Comparison - F2_mid_feeder (L7-8)
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Figure 12. Voltage profile for the F2 mid-feeder fault scenario. Source: Authors' final simulation output
for the selected scenario.

6.8 Discussion

The results support three main observations. First, restoration decisions must be evaluated under
radiality and power quality constraints. The earlier problem of non-radial candidate configurations
was eliminated through the radiality-preserving repair mechanism. This confirms the importance
of combining learning decisions with topology validation in distribution restoration problems.
Second, the enhanced MARL policy achieved near-optimal performance relative to exhaustive
radial search. The exhaustive benchmark evaluates all 32 joint switching combinations for each
fault and therefore represents a strong comparison for this small test system. Matching its restored
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load performance and approaching its reward value indicates that the trained model learned a high-
quality restoration policy.

Third, the learning-based method is more scalable in concept than exhaustive enumeration. For
five tie switches, exhaustive search is manageable. However, in larger feeders with many
controllable switches, the action space grows exponentially. A trained learning policy can provide
fast decision support after training, whereas exhaustive enumeration may become computationally
expensive. This advantage aligns with recent RL and graph-RL studies that seek fast outage
management and reconfiguration policies for active distribution networks (Gholizadeh & Musilek,
2024; Jacob et al., 2024; Liu et al., 2025).

The severe F1 case also provides an important practical lesson. A learning model cannot restore
loads that are structurally unreachable through the available topology. The identical F1 results
across all methods demonstrate that restoration potential depends on network connectivity and
available tie paths. Therefore, future deployment of learning-based self-healing should be
accompanied by planning studies that evaluate whether the feeder has sufficient switching
flexibility and alternative supply paths.

6.9 Interpretation of Restoration Actions

The scenario-level results also show that the selected restoration actions are not identical across
methods even when the restored-load percentage is the same. This is expected because several
radial switching plans may restore all load while differing in loss, voltage profile, or number of
switching actions. In the F2 case, for example, exhaustive radial search selected tie actions (1, 0,
1, 0, 0) with one repair opening, whereas enhanced MARL selected (1, 1, 1, 0, 1) with three repair
openings. Both restored all loads without voltage or loading violations, but the final losses and
reward differed slightly. This illustrates that restoration is a multi-objective engineering decision
rather than a binary success-or-failure outcome.

The F3 case is particularly useful because enhanced MARL and exhaustive radial search selected
the same tie-action pattern and the same radial repair openings. Both methods used all five tie
switches and opened L14-15, L9-10, L7-8, and L30-31 during radiality repair. The equality of the
reward and loss values in this scenario indicates that the learning policy can reproduce the best
exhaustive plan when the reward landscape strongly favors a particular configuration. This finding
supports the suitability of the joint-action learning structure for coordinated restoration.

The F4 and F5 scenarios show a different but still acceptable pattern. Enhanced MARL restored
100% of the load and satisfied all constraints, but it selected restoration plans with slightly different
losses compared with exhaustive radial search. Such small differences are acceptable in practical
decision-support contexts, especially when the trained policy can provide rapid decisions after
offline training. The trade-off is between the exact optimality of exhaustive enumeration and the
speed and scalability of a learned restoration policy. This trade-off is consistent with the motivation
for RL-based reconfiguration in recent studies (Gholizadeh & Musilek, 2024; Ghaemipour et al.,
2026; Guo et al., 2025).

6.10 Relationship to Prior Studies
The obtained results are consistent with the broader self-healing literature, which stresses that
restoration should integrate fault isolation, switching control, and power-flow feasibility. Jo et al.
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(2024) showed that deep reinforcement learning can support radial distribution network
reconfiguration for self-healing operation, while Jacob et al. (2024) emphasized the role of
topology-aware reinforcement learning for outage management. The present study follows the
same learning-based direction but adds an explicit radiality repair stage and evaluates power
quality constraints after every candidate restoration action.

Compared with conventional DNR optimization studies, the proposed method does not replace the
need for accurate power-flow evaluation. Instead, it uses pandapower results as the engineering
feedback that shapes the learning policy. This is important because optimization and learning
methods should not be separated from the physical network model. Studies such as Jia et al. (2024),
Puma et al. (2024), Choobdari et al. (2024), and Muifioz et al. (2025) demonstrate the value of
optimization for high-quality reconfiguration, while the present work uses exhaustive radial search
as a benchmark to test whether the learned policy can approach a strong enumerative solution.
The MARL element of the proposed method also connects to voltage-control studies where
multiple devices coordinate through shared objectives. Su et al. (2024), Zhao et al. (2023), Zhang
etal. (2024), and Wu et al. (2025) demonstrate that MARL can be effective for coordinated voltage
or converter control. The present work adapts this coordination concept to post-fault switching
restoration. The difference is that switching restoration has discrete topology-changing actions,
and therefore radiality preservation becomes a central issue that is less prominent in continuous
voltage-control problems.

Power quality studies support the decision to include voltage violations, line loading, losses, and
convergence in the evaluation. Zheng et al. (2024) and Samuel et al. (2025) emphasize that power
quality assessment requires more than one indicator, while Parvizi et al. (2025) highlight the
relevance of technical losses. The proposed reward function follows this multi-indicator logic. The
results show that the enhanced MARL policy restored load without producing voltage violations
or overloads, which is essential for treating the solution as operationally meaningful rather than
merely numerically successful.

6.11 Computational and Practical Considerations

The restoration cache used in this study has two purposes. First, it reduces training time by
avoiding repeated evaluation of the same fault-action pairs. Second, it preserves physical
interpretability because each cached entry is based on a pandapower power-tflow calculation after
radiality repair. For the IEEE 33-bus case, the cache contains 160 cases. For larger systems, the
number of possible switch combinations can become much larger, and direct enumeration may no
longer be practical. In such cases, the same framework can be extended with action screening,
graph-based state representation, or hierarchical restoration policies.

The exhaustive radial search benchmark is feasible in the present test system because the action
space is small. However, its role in this paper is not to claim that exhaustive enumeration is a
scalable operational solution. It is used as a rigorous reference to measure how close the enhanced
MARL policy comes to the best available action within the defined action space. The small reward
gap between enhanced MARL and exhaustive radial search is therefore an important validation
result.
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The single-agent DQN baseline provides a useful comparison because it also learns over the joint
action space. The enhanced MARL structure differs in interpretation: the joint action is decoded
into individual tie-switch decisions, preserving the connection to multi-agent switching execution.
The lower average loss obtained by enhanced MARL compared with single-agent DQN suggests
that the enhanced training formulation and reward tuning improved the quality of selected
solutions, although the difference remains modest.

From an implementation perspective, the proposed workflow is reproducible because it is built on
open Python-based tools and deterministic scenario definitions. The results can be regenerated by
using the same IEEE 33-bus data, fault scenarios, reward weights, and training parameters. This
reproducibility is important for research in learning-based power-system control, where results
may otherwise be difficult to compare due to differences in environments, reward scaling, or action
definitions.

6.12 Limitations of the Present Study

Several limitations should be acknowledged. First, the experiment uses a deterministic IEEE 33-
bus test system and five predefined fault locations. Although this is appropriate for a controlled
proof of concept, practical feeders may have uncertain load patterns, distributed generation
variability, communication delays, and protection constraints. These factors should be included in
future extensions before field-level deployment is considered.

Second, the voltage lower limit is set to 0.90 p.u. because the uncompensated IEEE 33-bus feeder
has a baseline minimum voltage close to this value. This choice is transparent and consistent with
the simulated feeder condition, but it also means that the study does not claim compliance with a
stricter 0.95 p.u. lower limit. A stricter study would require additional voltage-control resources
such as capacitors, voltage regulators, distributed generation reactive support, or flexible
interconnection devices. Recent voltage-control studies using RL and MARL provide useful
directions for such integration (Suchithra et al., 2024; Su et al., 2024; Zhang et al., 2024).

Third, the restoration decision is represented as a one-step switching decision followed by radiality
repair. Real restoration may involve sequential switching with operational safety checks after each
switching operation. Extending the model to multi-step restoration would allow switching order,
transient constraints, and operator approval rules to be represented more realistically.
Nevertheless, the one-step formulation is suitable for evaluating the quality of final restoration
configurations under the defined action space.

Fourth, the proposed cache-based training approach relies on precomputing feasible cases. This is
efficient for the present network but may require adaptation for larger feeders. Future work can
combine the cache strategy with graph neural networks, action-space pruning, or model-based
screening to avoid exhaustive precomputation while preserving physical feasibility. These
extensions would align with recent graph-enhanced and topology-aware RL directions in outage
management and fault recovery (Jacob et al., 2024; Liu et al., 2025).

7. Conclusion and Future Work

This paper proposed an enhanced multi-agent reinforcement learning framework for self-healing
distribution networks under power quality constraints. The IEEE 33-bus radial distribution system
was modeled in pandapower, and the learning model was implemented in PyTorch. The proposed

Vol 8, No.2, Jun - Dec. 2026 | OPEN ACCESS - Creative Commons CC anan & 0.
3

6



. dasl) asladl Gl pa Al
s J | for § d Technol ? ?
B urman Journal for science and fechnology Vol 8, No.2. Jun — Dec. 2026

sjst.scst.edu.ly ISSN: Online (2790-5721) - Print (2790-5713) Pages: 018 ~ 040

method combined coordinated joint-action learning, radiality-preserving restoration repair, and a
power-quality-aware reward function that prioritizes restored load while penalizing voltage
violations, line overloads, power losses, excessive switching, non-radial topology, and power-flow
failure.

The final simulation results show that the enhanced proposed MARL restored all recoverable loads
in the tested scenarios, maintained radial topology in every final configuration, produced zero
voltage violations, produced zero-line overloads, and achieved an average restored load of 82.48%.
This matches the exhaustive radial search benchmark and improves substantially over the 68.24%
average achieved by fault isolation only. The enhanced MARL average reward of 404.31 was very
close to the exhaustive radial search reward of 404.53, indicating near-optimal restoration
performance under the adopted reward design.

The comparison with single-agent DQN showed that both approaches restored the same average
load, but enhanced MARL produced lower average power losses. This supports the value of
coordinated multi-agent learning for restoration decisions where switching actions interact through
the network topology.

Future work should extend the proposed framework to larger distribution systems with more
switches and distributed energy resources. Additional work should also consider stochastic load
and renewable generation, multi-step switching sequences, communication delays, cyber-physical
constraints, and stricter voltage support scenarios. The framework can also be extended by using
graph neural networks or actor-critic MARL methods to improve generalization across unseen
feeder topologies.

Data Availability Statement

The data used in this study were generated through the Python-based simulation workflow
described in the methodology. The final numerical outputs include baseline metrics, fault-scenario
results, benchmark comparisons, validation summaries, and training histories. These outputs can
be reproduced using the described IEEE 33-bus model, pandapower power-flow evaluation, and
PyTorch learning configuration.
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