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1. Introduction

Abstract

To address the challenge of robotic inspection and maintenance in
unmanned environments, this paper presents an integrated approach
combining Conv2D-PSE-iTransformer for equipment state prediction,
Dynamic Analytic Hierarchy Process (D-AHP) for health assessment,
and deep reinforcement learning for optimized path planning. The
Conv2D-PSE-iTransformer accurately predicts the operational state of
electrical equipment, which serves as a critical input for the D-AHP
evaluation. Based on the predicted state, D-AHP dynamically assesses
the health of the equipment, enabling the identification of high-risk
components that require immediate attention. Based on these
evaluations, the DRL-based path planning generates optimized
inspection routes that prioritize these high-risk areas while ensuring
complete coverage with minimal inspection time. Experimental results
demonstrate the effectiveness of this integrated method, highlighting its
ability to reduce inspection time and enhance the overall efficiency,
safety, and reliability of robotic inspections in complex, high-risk
environments.

Keywords
robotic inspection; predictive maintenance, Conv2D-PSE-iTransformer,
dynamic analytic hierarchy process, deep reinforcement learning

The electrical inspection of equipment in unmanned substations
on remote islands is critical for ensuring the safe operation of
equipment and maintaining system stability[1-3]. These
facilities are often exposed to harsh environmental conditions,
such as high temperatures, salt spray, and hurricane, which
accelerate equipment aging and increase the risk of failures

[4-6]. Consequently, timely and accurate electrical inspections

(*) Corresponding authc
E-mail addresses:

are essential to guarantee the reliability and integrity of island-
based power systems [7].

Traditional manual inspection methods are severely limited
in such isolated and hazardous environments, suffering from
low efficiency and posing significant safety risks to personnel.
As a result, intelligent electrical inspection robots equipped

with high-precision, multi-parameter real-time monitoring
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capabilities have become indispensable[8, 9]. These robots can
perform routine inspections without human intervention,
effectively mitigating safety risks in complex conditions [10].
The intelligent electrical inspection robot system collects
temperature and vibration data from electrical equipment to
perform predictive analysis and comprehensive health
assessments. This enables early fault detection and diagnosis
[11, 12], significantly enhancing the scientific basis for
maintenance decision-making. As a result, unplanned downtime
is effectively reduced [13], ensuring the stable and efficient
operation of island-based substations [14]. The deployment of
intelligent inspection robots in unmanned substations on remote
islands not only enhances inspection safety and coverage [15]
but also significantly boosts equipment reliability and
operational cost-efficiency[4, 16]. However, the intricate layout
of electrical equipment introduces considerable challenges for
inspection path planning, which is often subject to high levels
of uncertainty and dynamic changes[17, 18]. Therefore,
intelligent inspection systems must be equipped with robust
adaptive capabilities to ensure the effective and efficient

execution of inspection tasks.
1.1. Literature review

Predictive maintenance of equipment is a critical technology for
ensuring the reliable operation of power systems. Current
approaches to predictive maintenance predominantly leverage
time series analysis [19, 20] and machine learning [21, 22],
including methods such as Support Vector Machines (SVM)
[23, 24], Long Short-Term Memory (LSTM) networks[25], and
physics-based predictive models [26, 27]. These methods utilize
historical data to construct models capable of predicting
equipment health to support maintenance decision-making.
Bakdi et al.[28] proposed a weakly supervised machine learning
approach based on Multi-Instance Learning and Random
Forests (RF) to analyze event logs from propulsion systems,
enabling intelligent predictive maintenance. Similarly, Cipollini
et al. [29] introduced a data-driven model that combines sensor
historical data from propulsion systems with supervised data
analysis techniques to implement precise, condition-based
maintenance. This approach facilitates monitoring of equipment
health and prediction of maintenance needs. However,

traditional state prediction methods often struggle to address the

challenges posed by highly dynamic and complex operational
environments[30]. In island-based substations, where diverse
types of equipment operate under harsh conditions with high
interdependencies, these limitations become even more
pronounced. Therefore, more adaptive and robust predictive
methods are required to evaluate equipment operating
conditions accurately, thereby enhancing the overall system
reliability.

The Analytic Hierarchy Process (AHP) is widely regarded
as an ideal tool for assessing the condition of power equipment
due to its strengths in multi-criteria decision-making, flexibility
in priority setting, capacity to handle uncertainty and subjective
judgments, strong compatibility, high transparency in
evaluations, and optimization of resources [31]. Panmala et al.
[32] developed a methodology that translates visible aging into
numerical scores while incorporating condition factors to
account for invisible aging and environmental influences,
facilitating the comprehensive evaluation of gas-insulated
switchgear. Similarly, Tanaka et al. [33] introduced a multi-
criteria evaluation framework based on AHP and pairwise
comparisons to assess the health of substation equipment. This
approach integrates multiple indicators to determine health
levels and prioritize maintenance and upgrade planning.
Hernandez et al. [34] further leveraged AHP to rank critical
criteria for power equipment and employed pairwise
comparisons to identify the most appropriate condition
monitoring systems. Despite its extensive adoption across
various domains, the traditional AHP framework is inherently
static and struggles to accommodate dynamic and evolving
decision-making scenarios [35].

The traditional AHP framework is unable to capture changes
in equipment condition over time, leading to a lack of flexibility
in long-term assessments and making it challenging to
accommodate dynamic adjustments to equipment states [36]. To
address this limitation, Raharjo et al.[37] proposed a time-
dependent compositional data forecasting approach. This
method tackles the problem of changing AHP priorities over
time by applying exponential smoothing, enabling dynamic
priority prediction even when historical data is limited. The
Dynamic AHP (D-AHP) framework offers significant
advantages in responding to environmental changes and

fluctuating decision-making conditions over time [30, 32]. By
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dynamically adjusting priority weights based on temporal or
contextual variations, D-AHP facilitates adaptive scheduling of
maintenance tasks, reduces overall maintenance costs, and
ensures high equipment availability[14].

Inspection robots leverage comprehensive analyses of
equipment health conditions to prioritize high-risk areas, avoid
obstacles, and optimize their inspection paths. This approach
ensures complete coverage while minimizing inspection time,
enabling efficient task execution and enhancing operational
performance [38]. Traditional path planning algorithms, such as
A*(A-Star), Rapidly-Exploring Random Tree (RRT), and
Dijkstra, are widely used for determining optimal inspection
routes [39]. Zhao et al. [40] developed a hybrid navigation
algorithm that integrates reflectors and lasers with
a dynamically weighted RRT algorithm, enabling cooperative
path planning among multiple robots. Similarly, Azptrua et al.
[41] employed the Dijkstra algorithm to calculate optimal paths
by minimizing costs related to distance, energy consumption, or
terrain complexity, facilitating the safe and efficient traversal of
challenging terrains. In another study, Khanam et al. [42]
introduced a priority-enabled coverage path planning approach
designed for autonomous inspections across multiple
disconnected regions, particularly in hazardous or inaccessible
areas. While these methods are effective in deterministic
environments, they face significant limitations when dealing
with the medium- to high-risk, dynamic, and uncertain
conditions often found in electrical substation settings. Such
environments demand more adaptive and resilient path planning
strategies to address the inherent complexity and variability.

In recent years, reinforcement learning-based path planning
methods have gained significant traction in inspection tasks,
especially within complex and high-risk environments. Among
these, Q-learning is one of the most prevalent algorithms,
renowned for its ability to optimize path planning by learning
optimal policies, thereby improving both the efficiency and
safety of inspection operations [43]. Low et al. [44] enhanced
the initialization of Q-values by integrating global and local
searches within the Flower Pollination Algorithm framework.
This innovation endowed robots with preliminary
environmental knowledge during the early stages of path
exploration, resulting in accelerated convergence. Similarly, Yu

et al. [45] introduced the Double Deep Q-Network algorithm,

which formulates adaptive obstacle avoidance strategies for
dynamic scenarios through reinforcement learning. Their model,
grounded in state and reward functions, significantly improved
the autonomous navigation capabilities of agricultural robots in
complex farmland environments. Barros et al. [46] proposed an
adaptive approach combining Reinforcement Learning (RL)
and Learning Automata. By employing offline learning in
simulated environments alongside heuristic search techniques,
their method enabled effective path-following control and
robust planning.

Deep Reinforcement Learning (DRL) algorithms build on
traditional reinforcement learning by incorporating neural
networks, enabling dynamic optimization of path planning in
real-world environments. This approach not only enhances the
adaptability of reinforcement learning to unfamiliar states but
also significantly improves its efficiency in addressing complex
challenges [47, 48]. Hadi [49] utilized the Twin Delayed Deep
Deterministic Policy Gradient algorithm to achieve real-time
path planning and control for autonomous underwater vehicles
operating in unknown ocean environments, effectively ensuring
precise motion control and obstacle avoidance. Similarly,
Krishna et al. [50] employed a hybrid architecture combining
Convolutional Neural Networks (CNN) with LSTM networks,
alongside the Actor-Critic Experience Replay algorithm. This
approach enabled robots to execute low-cost coverage in real-
time scenarios, substantially enhancing coverage efficiency by
optimizing path lengths and minimizing unnecessary shape
transitions. Ren et al. [51] tackled the limitations of
conventional DRL algorithms, such as slow convergence and
a tendency to get trapped in local optima, by introducing a data
collection method based on Dynamic Programming. This
method generated high-quality training data, which, when
combined with Extreme Learning Machine for initializing
network parameters, resulted in a two-stage DRL framework
that improved learning speed and performance. Despite these
advancements, existing research continues to face significant
challenges in integrating equipment condition predictions and

risk assessment results for effective real-time path adjustment.
1.2. Proposed approach

This study introduces a novel Complete Coverage Path

Planning (CCPP) method tailored to inspection tasks in island-
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based substations. The proposed approach seamlessly integrates
advanced state prediction, health assessment techniques, and
a DRL-based framework to achieve enhanced performance. The
methodology begins with the use of the Parallel Series
Embedding (PSE) framework, augmented by 2D Convolution
(Conv2D) and iTransformer techniques, to accurately predict
the operational conditions of electrical equipment. These
predictions provide reliable inputs for downstream analyses.
Subsequently, the Dynamic Analytic Hierarchy Process
(D-AHP) is applied to evaluate equipment health, offering
a systematic and adaptive framework for health assessment.
Based on the health evaluation outcomes, a newly designed
DRL algorithm is employed for CCPP of inspection robots. The
algorithm dynamically adjusts inspection routes in real-time,
adapting to evolving equipment conditions to optimize task
efficiency. By synergizing predictive modeling, health
evaluation, and DRL-based path planning, the proposed method
achieves significant improvements in inspection accuracy and
responsiveness. It reduces both time and energy consumption,
ultimately enhancing the operational and maintenance

efficiency of island-based power systems.
2. Timing prediction of electrical equipment

Whether dispatched to inspect a malfunctioning system or
deployed to perform on-site maintenance tasks, robotic
inspection and maintenance operations can incur significant
time delays, particularly when responding to unexpected
equipment failures. These time demands can lead to
inefficiencies and prolonged system downtime. To address this
issue, predictive maintenance plays a crucial role. By
proactively scheduling inspection and maintenance tasks, it
helps reduce unnecessary delays, thereby enhancing overall
operational efficiency and system reliability.

Transformers are critical components in substation power
systems, where their reliable operation directly impacts the
stability and efficiency of electricity distribution. Predicting
transformer oil temperature is paramount for monitoring the
operational status and assessing the health condition of
transformers. Accurate predictions can effectively provide early
warnings of potential failures, extend the lifespan of the
equipment, and enhance the reliability of the power grid.

However, multivariate time series data often pose challenges,

such as feature complexity, long-short term dependencies, and
missing features for future time steps [52]. Traditional models
struggle to capture nonlinear dynamics and complex
dependencies between variables, often introducing noise or
redundancy, which can compromise prediction accuracy. To
address these challenges, we propose a novel structural
framework, Conv2D-PSE-iTransformer, which integrates the
PSE module with Conv2D and iTransformer. The Conv2D-PSE
module processes temperature features, while iTransformer
handles contextual features, preserving their individual
properties. The convolutional layers extract local temporal
patterns, thereby enhancing the performance of multivariate

modeling [53].

2.1. The Conv2D-based Parallel Series Embedding
Module

Convolutional Neural Networks (CNNs) have become widely
adopted for extracting features from time series data, with 2D
Convolution (Conv2D) [54] standing out for its ability to
capture local patterns and interdependencies across multiple
variables. Time series data is typically represented as a two-
dimensional tensor, where each row corresponds to a different
feature, and each column represents a time step. Conv2D
leverages convolutional filters that slide across both the
temporal and feature dimensions, effectively extracting local
dynamic characteristics and correlations among variables. In
this study, Conv2D is utilized within the Parallel Series
Embedding (PSE) [55] module, which aims to efficiently embed
both the target sequence and contextual features.

Time series data is typically represented as a 2D tensor X €
RT*F | where T denotes the number of time steps and F
represents the feature dimension. The Conv2D operation
extracts the local dynamic features of the time series and the
correlation between features by sliding the convolution kernel
in the time dimension and feature dimension. The specific
computation is given by the following formula:

Y(i)) =0@m=1 Zn=a X(@+mj+n)-0(mmn)+b) (1)
Where, 8 € R¥*W is the convolutional kernel, H and W are the
kernel sizes along the temporal and feature dimensions,
respectively, b denotes the bias term, and ¢ is the activation
function; Y € RO-H+DX(E-W+D) is the input feature map,

capturing the local patterns of the tensor.
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In the proposed framework, the target sequence and
contextual features are processed independently using separate
Conv2D layers, ensuring that the trend information of the target
values and the inter-variable dependencies of contextual
features are modeled separately. The Conv2D layers utilize
a kernel size of H = 1 to capture short-term dynamic patterns
along the temporal dimension, while W = 1 is applied to model
individual feature variables. Furthermore, causal parameters [54]
are applied to constrain the receptive field of the convolutional
kernel, ensuring that it covers only the current and preceding
time steps. This prevents the incorporation of future information

and enhancing the model's interpretability and adaptability.
2.2. iTransformer

The iTransformer [56] is an innovative Transformer architecture
specifically designed for time series forecasting tasks,
enhancing the modeling of time series and multivariate features
through a deliberate inversion of the core functions within key
modules. Unlike traditional approaches, which treat time steps
as the fundamental units (time-step tokens), the iTransformer
utilizes the variables themselves as the central modeling units
(variable tokens). The architecture comprises an encoder, with
an optional decoder, and is constructed to capture both the
intricate interdependencies among variables and the global
temporal patterns. This design enables the iTransformer to
handle multivariate time series tasks more effectively by
inherently modeling variable interactions while simultaneously
reducing computational complexity, thus improving both
modeling efficiency and interpretability.

Like the core Attention Mechanism in the standard
Transformer [57], the iTransformer also utilizes Multi-Head
Attention to model the relationships between variables. The
input variable tokens are projected linearly to produce the Query
(Q), Key (K), and Value (V) matrices, which are subsequently

used to compute the attention according to the following

formula:
T
Attention(Q,K,V) = softmax(\/d_)V
k
Q = HWy, K = HWy,V = HW,, (2)

Where, W, ,WrandW represent the projection matrices for the
Q, K, and V vectors, respectively; H denotes the matrix of
embedded variable tokens; and djindicates the dimensionality

of the key vectors, which is used to scale the dot-product results.

The design of iTransformer departs from the conventional
use of positional embeddings, instead utilizing a feedforward
network (FFN) to implicitly capture the global patterns in time
series data. This innovative architecture further improves the
model's predictive accuracy and generalization ability. By
employing this reversed structure, iTransformer provides
a robust solution for multivariate time series forecasting,
particularly excelling in scenarios characterized by complex

inter-variable dependencies.
2.3. Conv2D-PSE-iTransformer

This study presents the Conv2D-PSE-iTransformer architecture,
which integrates an enhanced PSE Module with the
iTransformer structure, providing an effective solution for
multivariate time series forecasting tasks. Using the PSE
Module, target values and contextual features are independently
processed via Conv2D, facilitating the extraction of local
dynamic patterns along the time dimension and identifying
dependencies between contextual features. The key
implementation of this module is demonstrated in the
pseudocode in Table 1, which highlights the application of
causal masking to prevent future information leakage, as well
as the reduction of feature dimensionality to alleviate
computational complexity. The resulting Qf, K¢, and V¢ vectors
are input into the iTransformer, providing an efficient feature
representation for subsequent global modeling.

In the iTransformer, the variable H is utilized to model the
dependencies between various feature variables. The Multi-
Head Attention mechanism enables the calculation of feature
interactions across multiple subspaces, while the FFN further
captures global patterns along the temporal dimension, allowing
the model to simultaneously capture short-term trends and long-
term dependencies. Ultimately, predictions for future time steps
are generated through linear projection. The overall
methodology is  comprehensively  presented through
pseudocode, which illustrates the logical flow from parallel
embedding to iTransformer modeling. Its modular design

ensures both efficiency and adaptability, making it especially

suitable for complex multivariate time series tasks.
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Table 1: Pseudo code for Conv2D-PSE-iTransformer

Input: Xi4rge: € RT*1:Target value time series, length T';

Xcontext € RT*F: Context features time series, F is the number of
features.

Output: Y,eq € R™1: Predicted future time steps, length T

Parameters: d_model :Embedding feature dimension;
kernel_size: Convolution kernel size for local feature extraction;
num_heads: Number of attention heads; num_layers: Number of
layers in iTransformer

Prat 1 Parallel Series Embedding Module

Function PSE (X¢qrgets Xcontext» d_model, kernel size)

Step1: Target value Embedding

Yiarget = Conv2D (Xiqrger, kernel_size = (1, kernel_size))

Q2 K,, V, = LinerProjection(Yiarger, d_model)
Step2: Contextual feature Embedding
Ycontext = CONV2D (Xiqrger, kernel_size = (1, kernel size))

Yeontext = ApplyCasualMask(Yeontexe) # Ensuring time

consistency
Yoontext = CompressFeatureDimension(Yoontext, target_dim
= 1)
Qs K¢, Vs = LinerProjection(Yeonsexe, d_model)
Return Q, K, V;, Qf, Kr, V¢

Part 2 iTransformer Module
Function
(Qz K, V;, Qf, Kr, Vg, num_heads, num _layers)
Stepl: H = InitializeTokens(Q,, K,, V,, Qf, K¢, V5)
Step2: Multi-layer Transformer structure
for layer in range (num_layers):
Attention_H = MultiHeadAttention(H_init, num_heads)
H = FeedForwardNetwork (Attention_H)
Step3: Final Projection
Yorea = ProjectionLayer(H_updated)
Return Yypeq

iTransformer

Part 3 Main
Function main (Xtarget, Xcontext)

Q2 Kz V,, er Kf' Vf = PSE(Xtargetr Xcontext» d_model
= 128, kernel_size = 3)
Yorea = iTransformer(Qz, K, V,, Qf, K¢, Vs, num_heads
= 8,num_layers = 6)

Return Yy,;eq

Where, Y4 ge: is the target sequence after Conv2D processing,

— Others

Hardware

Health Index .
Integrity

A

Temperature

Q. K,,V, is Query, Key, and Value vectors for the target
sequence, Y. nexe 1S the context feature sequence after the
initial Conv2D operation, representing extracted temporal
patterns; Y, o, exe 1S the result after applying the causal mask to
ensure temporal consistency; Yeonsex: 1S the Feature dimension
compressed representation of context features; Q, K,V is
Query, Key, and Value vectors for context features.H represents
the combined embeddings of target and context features, used
as input for iTransformer; Attention_H is the output of the
Multi-Head Attention mechanism at each layer, capturing

dependencies between variables.

3. Dynamic health status assessment of unmanned power
stations

Predictive maintenance, a key application of condition-based
assessment, enables the identification of potential faults through
continuous monitoring and analysis of equipment performance
data, thereby facilitating proactive interventions [34]. In
contrast to traditional fixed-schedule maintenance, this
approach is not only more cost-effective but also substantially
reduces unnecessary downtime and maintenance costs.

This study uses the health condition of transformers as a case
study to evaluate the status of critical electrical equipment in
substations. The Dynamic Analytic Hierarchy Process (D-AHP)
offers a robust and adaptive framework for condition
assessment. By dynamically integrating multiple evaluation
criteria and considering the evolving nature of operational and
environmental conditions, this method enhances real-time
adaptability, thereby improving both the accuracy and relevance

of the assessment.

3.1. Health Assessment of Transformers Using AHP

— Age
Invisible
Deterioration =
Loading |
Visible bllstary |
Deterioration
Sympotoms |
> Equipment »  Oil Temperature
Temperature

Figure 1. Transformer equipment health and standards.
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To assess the health status of transformer equipment,
a comprehensive set of evaluation criteria tailored to substation
transformers has been developed, based on expert knowledge
[58, 59]. These criteria encompass parameters such as oil
temperature, gas content, load, electrical test parameters,
equipment age, maintenance history, fault symptoms, climate
and environmental conditions, and oil quality. Among them, oil
temperature, equipment age, load, maintenance history and fault
symptoms can effectively reflect the operating status of the
transformer and have high practical operability. To simplify the
model and enhance assessment efficiency, this study primarily

focuses on these five critical parameters, as shown in Figure 1.
3.2. Health assessment of transformers using D-AHP

Although the traditional AHP method is widely adopted across
various domains, its static nature renders it ill-suited for
dynamic decision-making scenarios where conditions
continuously evolve. Dynamic AHP (D-AHP) addresses this
limitation by incorporating temporal dependencies,
decomposing the decision problem into more tractable

subproblems, and dynamically adjusting priorities in response

Data _| Constructing Hierarchy
pre-processing Calculation Matrix

A

to shifting conditions, thereby ensuring adaptability to changing
environments [35, 60]. For instance, when a transformer's oil
temperature significantly deviates from its normal range, a static
AHP approach would retain the same weight for the temperature
criterion as it would under normal operating conditions. This
static method fails to account for the real-time influence of
critical parameters on the overall health index, which may lead
to the delayed identification of emerging risks or abnormal
behaviors.

To address this issue, we propose an enhanced framework
that dynamically adjusts the weight of the temperature criterion
according to the observed operating conditions. Specifically, the
weight assigned to oil temperature is dynamically modified
according to the degree of deviation from the normal range,
ensuring that the health index accurately reflects the
transformer's real-time status. This dynamic adjustment process
utilizes the D-AHP, which integrates the traditional AHP with
dynamic weight allocation. This approach not only enhances the
accuracy of health assessments but also provides a more reliable
foundation for decision making under varying operational

conditions. The weight calculation method is presented in Fig 2.

Dynamic weighting

Synthetic weights
Dynamic Adjustment

Static weights
correction

A4

Calculated score

Figure 2. Process of calculating dynamic weights for health assessment using D-AHP.

This framework integrates oil temperature prediction data
with other static criteria into a hierarchical calculation matrix,
facilitating the dynamic evaluation of transformer health.
Initially, the oil temperature data is preprocessed to eliminate
noise and inconsistencies, thus laying the foundation for
dynamic weighting. This preprocessing step ensures the
reliability of the data and provides accurate inputs for
subsequent health assessments. Based on the deviation of the oil
temperature from normal operating conditions, the framework
assigns varying weights to the temperature, thereby enabling
real-time responses to temperature anomalies. The weight

update formula is as follows:

Z?:l aij(t)

wi(t) = L
40 TR i )

(3)

Where, w;(t) represents the weight of criterion C; at time ¢,
a;;(t) denotes the matrix judgment element derived from the
comparison between criteria C; and C; at time t, and n refers to
the total number of evaluation criteria. Through dynamic
adjustment, the weight of oil temperature can fluctuate in
response to changes in the operational status of the equipment,
thereby ensuring the system's real-time responsiveness to
anomalies. Additionally, the weighting of static criteria (e.g.,
age, load, support history, and symptoms) are also adjusted at

each assessment to preserve the overall balance and accuracy of

Eksploatacja i Niezawodno$¢ — Maintenance and Reliability Vol. 27, No. 4, 2025




the assessment.

The dynamically updated and corrected weights are
aggregated to generate a comprehensive health score, which
accurately reflects the current condition of the transformer. This
score is then fed back into the system's hierarchical computation
matrix, facilitating iterative adjustments that enhance
adaptability to changing conditions. By incorporating dynamic
adjustments and feedback, the framework enhances the
accuracy and reliability of health assessments, thereby
facilitating proactive maintenance and informed decision-

making.

3.3. From health assessment to actionable maintenance
mapping

As shown in Figure 3, the Conv2D-PSE-iTransformer

Load data |' s

-

Data Preprocessing

) iTransformer

Prediction

framework proposed in this study effectively forecasts key
performance indicators essential for transformer health, with
particular emphasis on oil temperature. By incorporating the
Dynamic Analytic Hierarchy Process (D-AHP), the framework
dynamically adjusts the weight assigned to the temperature
criterion, thereby ensuring that health assessments are adaptable
to real-time conditions. This method preserves the relative
stability of static weights for factors such as equipment age and
maintenance history, while providing a comprehensive and
responsive evaluation framework. Consequently, it successfully
integrates prediction, assessment, and decision-making
processes, thereby offering valuable support for proactive

maintenance strategies.

Supply
Reliability

Hardware
Integrity

Temperature

Substation
Health

4

Condition Assessment

Figure 3. Predictive maintenance framework for transformer state estimation and evaluation.
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Figure 4. Transformation to simplified 2D map for maintenance planning.

Subsequently, the aforementioned methodology was applied
to assess the health status of 17 critical electrical components at
an island substation in the East China Sea, employing a variety
of assessment criteria. Based on the calculated health scores, the
components were ranked to prioritize maintenance and
inspection activities. To enhance visualization and operational

efficiency, components with varying health scores were

assigned distinct color codes, enabling rapid identification of
their respective statuses. Furthermore, the evaluation results
were incorporated into a simplified map, thereby streamlining
subsequent inspection and maintenance tasks, as shown in
Figure 4. It is important to note that, in this experiment, the
model was simplified by excluding factors such as equipment

size, with the primary focus placed on optimizing the substation
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layout and inspection pathways at the island substation.

4. Deep Reinforcement Learning for complete coverage
path planning

Due to the critical importance of island substations, regular and
efficient inspections are essential for ensuring their operational
safety and reliability. Predictive maintenance plays a pivotal
role in enhancing inspection efficiency by enabling timely
assessments of the health status of electrical equipment. Based
on the health status maps generated through equipment
evaluations, this study proposes a path planning method that
leverages Deep Reinforcement Learning (DRL) for
comprehensive substation inspection. The approach integrates
Attention Mechanisms with Reinforcement Learning (RL)
algorithms: a policy network guides the selection of node pairs,
while a value network evaluates the actions taken, enabling
iterative refinement of the solution. Additionally, to optimize
path planning and enhance algorithmic efficiency, simulated
annealing and pruning algorithms are incorporated. These
techniques streamline the path selection process by eliminating
redundant nodes and dynamically adjusting the route, thereby
improving the overall optimization performance of the
inspection path. By combining the feature extraction
capabilities of Deep Learning (DL) with the optimization and

exploration strengths of reinforcement learning, the proposed

method effectively addresses complex path planning challenges,

demonstrating robust generalization across diverse operational

scenarios.
4.1. Deep Learning based on Transformer

In the DRL framework proposed in this study, the DL

components are pivotal in capturing the intricate
interdependencies between nodes and in generating and
evaluating high-quality strategies for path optimization. The
architecture primarily integrates a policy network and a value
network, both of which leverage the robust capabilities of deep
neural networks to achieve the RL objectives of path
optimization.

The policy network within this framework is constructed
upon a deep neural architecture, as shown in Figure 5. It
incorporates Multi-Head Attention Mechanisms, fully
connected layers, and normalization layers to model both global
and local relationships among nodes. Initially, node features,
including their coordinates and scores, are projected into a high-
dimensional space through a linear projection layer. These
embeddings are subsequently processed by stacked self-
attention layers, which, in conjunction with residual
connections and batch normalization, capture long-range
dependencies among nodes. The output of the attention layers
is further refined through fully connected layers to model
complex nonlinear relationships and is subsequently aggregated

through global max pooling to extract key features.
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Figure 5. Transformer-based Policy Network.

The final layer of the policy network comprises

a compatibility layer and a masked max layer, which serve to

map the extracted features to a probability distribution of

potential actions, such as node pair swaps. Actions are sampled
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from the generated probabilities, enabling the agent to select
actions that interact with the environment by modifying the
solution state. The network is trained within a reinforcement
learning framework, where the policy gradient is updated based
on the rewards received from the environment, ensuring that the
policy progressively converges to generate more optimized
solutions over time. The resulting embeddings are utilized to
generate a probability distribution © = (a|s; 8) over potential
actions, with 6 representing the parameters of the policy
network, which directly guide the agent's decision-making
process and enable continuous improvement of the proposed
path. The optimization of the policy network aligns with the
reinforcement learning objective of maximizing the expected
cumulative reward:

J(6) = Ery[¥i-o Ri] (4)
Where, Ry is the reward at time step k, and E, denotes the
expectation over all possible paths of the policy mg. This
approach, which integrates the attention mechanism with
reinforcement learning, allows the network to effectively
explore and exploit the solution space.

In this framework, the value network, commonly referred to
as the critic network, is responsible for estimating the value of
a given state within the solution space during the optimization
process. In contrast to the policy network, which is primarily
responsible for generating action probabilities, the value
network predicts a scalar value representing the expected
cumulative reward for a given state[61]. In the current
implementation, the value network employs a feedforward
architecture with fully connected layers to process and encode
the environmental input features. The node features (e.g.,
coordinates and scores) are initially embedded into a high-
dimensional space. These embeddings are then passed through
a series of fully connected layers with nonlinear activation
functions, each capturing increasingly abstract representations
of the solution state. To stabilize the training process and
enhance convergence rates, batch normalization is applied to
intermediate outputs. The resulting value estimates inform the
policy network, allowing it to adjust the policy in favor of
higher-value states, thereby driving the optimization process.
The value network plays a pivotal role in evaluating the
effectiveness of the agent's actions and is integral to the

continuous refinement of the policy, thereby contributing to the

overall improvement of the system's performance.

The primary advantage of this DL approach is its ability to
simultaneously optimize both the policy and the value function
through end-to-end learning. This architecture leverages the
self-attention mechanism, enabling the model to capture long-
range dependencies between nodes in the graph, thereby
overcoming the limitations of traditional path planning methods
that depend on manually crafted features. Additionally, by
integrating deep reinforcement learning with feature embedding,
the network is more capable of exploring the solution space and
adapting to varying problem scales and complexities.

4.2 Actor-Critic Reinforcement Learning with path
optimization

DRL method plays a central role in the proposed framework
of this paper, as shown in Fig. 6, which is designed to integrate
the policy network and the value network to enable efficient
path optimization in dynamic environments. The DRL process
begins with state perception, constructing a closed-loop system
that facilitates dynamic interaction from state perception to path
optimization. The state information (S;), generated by the
environment, includes the current node's position on the map,
the distribution of target nodes, and historical path records. This
information is passed as input to the policy network. The policy
network, utilizing attention-based encoding, predicts the action
probabilities corresponding to potential modifications in the
current path sequence, while the value network assesses the
expected rewards of these actions, effectively serving as
a baseline in the training process. The value network assesses
the actions chosen by the policy network by estimating the
cumulative return Vs, and the advantage function A, q)
offering feedback to the policy network. This actor-critic
architecture [50] integrates policy optimization with value-
based evaluation, effectively reducing the variance of policy
updates via the value network, while steering the gradient
direction of the policy network through the advantage function.
During the reinforcement learning process, the reward signal
and the discounted value of future states y X V(g,,  collectively
contribute to policy optimization. The advantage function is
defined as:

A(sparey) = Reward +y X Vig, y = Vs ©))

Through this function, the policy network iteratively adjusts

its predictions during backpropagation, progressively refining
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its action selection to converge towards the optimal solution.

Probability
__ __Lbistribution

Policy Network | r-Value Network |

Action
selection policy

Deesal64, RalU)

Ierga/Concatanate Actvatiors

7M.

Strategy optimization
A, o) = Reward+y x Vg -V |

Figure 6. DRL Framework for Transformer-based Path Planning

To further refine the solution space, the RL framework 5 Results and discussion

incorporates Simulated Annealing and Pruning techniques.

. . . . . All experiments in this study were conducted on a consistent
Simulated Annealing, through its progressively decreasing P Y

. computational platform to ensure the reliability and
temperature strategy, strikes a balance between global search pu p " Y

. e . ility of Its. Th i i i
and local exploration, facilitating a more comprehensive comparability of results ¢ computing system is equipped

exploration of the solution space in complex path planning with an AMD Ryzen 7 processor operating at 3200 MHz. The

. . . . . dataset used in this study was collected from a power station on
scenarios. Meanwhile, the Pruning mechanism discards low- Y p

. . . S a reef island in the East China Sea.
reward or irrelevant solutions during the optimization process,

significantly narrowing the search space. The synergy of these 5.1. Prediction Analysis of Conv2D-PSE-iTransformer

two methods enhances the robustness of the reinforcement In the task of predicting transformer oil temperature, we

learning framework, enabling the model to efficiently identify conducted experiments using data from July 2022
the global optimum in high-dimensional, dynamic

environments.

Table 2. Key Parameter Settings of the Proposed and Compared Models.

Parameters Ours PES-informer iTransformer Informer Transformer LSTM

Input channels 1 1 \ \ \ \
Output channels 512 512 \ \ \ \
Convolution kernel size 3 3 \ \ \ \
Encoder input sequence length 60 60 60 60 60 \
Batch Size 32 32 32 32 32 32
Number of Heads 32 32 32 32 32 \
Scaling Factor 1 1 1 1 1 \

To assess the performance of the proposed Conv2D-PSE- compared it with other classical models, including iTransformer,
iTransformer model in capturing oil temperature trends, we Informer, Transformer, PSE-Informer with Conv2D and LSTM.
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The key parameter settings for each algorithm are summarized
in Table 2. The primary objective of the experiment was to

evaluate each model's ability to predict short-term fluctuations

temperature data from early July 2022. The experimental results,
presented in Figure 7, compare the predicted curves from

different models with the actual oil temperature values in the

and long-term trends, particularly regarding the transformer oil test set.
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Figure7. Comparison of different methods for predicting transformer oil temperature.

As shown in Figure 7, the Conv2D-PSE-iTransformer
exhibits exceptional accuracy in capturing both short-term
fluctuations and long-term trends of oil temperature, with the
predicted curves closely aligning with the actual values. This
demonstrates that the proposed method, by integrating Conv2D
into the Parallel Series Embedding (PSE) module to first extract
local features of the time series, and subsequently combining it
with the iTransformer module, effectively enhances the model's
ability to represent short-term dynamic changes and long-term
patterns.

In contrast, while the Transformer model effectively
captures global dependencies, it exhibits noticeable
discrepancies in both short-term and long-term predictions,
leading to significant deviations from the true values. The
LSTM model performs the weakest among all evaluated
approaches, showing substantial prediction errors, particularly
in modeling long-term trends. The iTransformer produces
smoother prediction curves and captures long-term trends more
effectively; however, it struggles with short-term variations,

resulting in reduced accuracy for rapid fluctuations. The

Informer, designed for long-range time series forecasting,

shows improvements in handling extended temporal
dependencies but lacks the capability to accurately model local
features, leading to deviations in short-term predictions. The
PSE-Informer, which incorporates Conv2D for local feature
extraction, demonstrates enhanced short-term accuracy.
However, its limited ability to model global dependencies
prevents it from achieving the same level of long-term
predictive performance as the proposed Conv2D-PSE-
iTransformer model.

These findings suggest that the Conv2D-PSE-iTransformer
provides a more comprehensive and balanced representation of
both short-term and long-term patterns, offering improved
predictive accuracy compared to the baseline models.

To further quantify the predictive performance of each
model, we calculated the Mean Absolute Error (MAE) and
Mean Squared Error (MSE) on the test set, as shown in Table 3.
Consistent with the comparison of the prediction curves, the
Conv2D-PSE-iTransformer achieves significantly lower MAE

and MSE values than the other baseline models.

Table 3. Comparison of loss values in oil temperature prediction by different methods.

Methods Ours PSE-informer iTransformer informer Transformer LSTM
MAE 1.322059 1.458531 1.628284 1.657975 1.709213 1.941401
MSE 5.980411 7.202597 8.511854 8.951056 9.847434 11.1570501
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Table 3 presents a quantitative comparison of model
performance based on MAE (Mean Absolute Error) and MSE
(Mean Squared Error) values. The proposed Conv2D-PSE-
iTransformer achieves the lowest prediction errors, with an
MAE of 1.322059 and an MSE of 5.980411, demonstrating its
superior accuracy and robustness in transformer oil temperature
prediction. In contrast, the baseline models exhibit significantly
higher errors: the PSE-Informer achieves an MAE of 1.458531
and an MSE of 7.202597, while the iTransformer and Informer
show even higher errors, with MAE values of 1.628284 and
1.657975, and MSE values of 8.511854 and 8.951056,
respectively. In addition, the MSE and MAE of LSTM and
Transformer have the highest errors of all the compared models,

reflecting their limitations in multivariate time series tasks.

While the PSE-Informer improves upon the Informer by
incorporating Conv2D layers to extract local temporal patterns,
it still falls short of the proposed Conv2D-PSE-iTransformer
due to its limited ability to model global dependencies. These
results highlight the effectiveness of the Conv2D-PSE-
iTransformer in transformer oil temperature prediction,
particularly its ability to balance the modeling of local features
and global dependencies, leading to more accurate and robust
predictions.

To evaluate the computational efficiency of the proposed
Conv2D-PSE-iTransformer model, we compared its inference
time with those of other baseline models, including Transformer,
Informer, LSTM, Transformer, and PSE-Informer. The results

are summarized in Table 4.

Table 4. Inference Time Comparison of the Proposed and Baseline Models.

Time Ours PES-informer

iTransformer

Informer Transformer LSTM

Average Time  79.07s 83.37s 63.15

68.31 84.29s 9.97s

Based on the inference time results presented in Table 4, the
Conv2D-PSE-iTransformer model achieves an average
inference time of 79.07 seconds, which is slightly lower than
PSE-Informer (83.37s) but higher than iTransformer (63.15s)
and Informer (68.31s). While the Transformer model exhibits a
slightly longer inference time (84.29s), LSTM demonstrates the
fastest performance, requiring only 9.97s per prediction. The
slight increase in inference time for Conv2D-PSE-iTransformer
can be attributed to the additional computational complexity
introduced by the Conv2D layers and PSE module. However,
considering that predictions are typically performed on an
hourly or daily basis, this additional computational cost remains
within an acceptable range and does not compromise the
model’s real-time applicability.

The experimental results demonstrate that the proposed
Conv2D-PSE-iTransformer substantially outperforms the other
comparison models in the transformer oil temperature
prediction task, particularly in capturing both short-term
fluctuations and long-term trends. Its innovative architecture,
which integrates parallel sequence embedding with the reversed
design, significantly enhances prediction accuracy. Although
the model introduces additional computational steps, the

increase in training and inference time is negligible in practical

applications where predictions are made on an hourly or daily
basis. Future research could focus on further optimizing the
model's computational efficiency and expanding its application

to other multivariate time series forecasting tasks.

5.2. Results of transformer health assessment using D-
AHP

To evaluate the health status of substation transformers, four
key parameters were identified: load, maintenance history,
symptoms, and operational age. These parameters were
classified into five levels of importance: equally important,
moderately important, strongly important, very strongly
important, and extremely important [33], as summarized in

Table 5.

Table 5: Importance level of electrical equipment.

Value Description
1 equally important
3 moderately important
5 strongly important
7 very strongly important
9 extremely important
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The pairwise comparison method, grounded in the AHP, was
employed to assign weights to each parameter, with evaluations
performed by power system experts from the China Southern
Power Grid. The resulting weights were normalized to ensure
comparability. Table 6 illustrates the weight distribution of the

four parameters with respect to hardware integrity for the island

substation in 2022. This approach systematically incorporates
expert knowledge into the evaluation framework, ensuring
consistency and reliability in parameter weighting is an
essential requirement for accurate equipment health

assessments.

Table 6. Hardware integrity evaluation weight distribution for Jan. 2022.

Criteria Age Loading History Symptoms Weights
Age 1 1/5 1/3 1/5 0.0735
Loading 5 1 5/3 5/7 0.3381
History 3 3/5 1 3/5 0.2206
Symptoms 5 1 5/3 | 0.3678

Based on expert recommendations, temperature is identified
as a key variable in transformer health assessment due to its
direct correlation with operational conditions and potential risks.
In this framework, oil temperature is first analyzed as a dynamic
parameter, with its weight adjusted in real time through
a dedicated function to account for deviations from normal
operating ranges. The results of the temperature analysis are
subsequently integrated with the hardware integrity indicators
to assess the health of the transformer comprehensively. This
approach enables the simultaneous consideration of dynamic
temperature variations and static hardware parameters,
providing a systematic basis for evaluating transformer
conditions.

Specifically, when the oil temperature exceeds the standard
range of 40-60°C [62], its weight increases significantly to
capture the elevated risk associated with abnormal thermal
conditions. Conversely, under normal operating conditions, the
weight of oil temperature remains relatively low, allowing
greater emphasis on other static factors, such as maintenance
history and operational age. This dynamic adjustment
mechanism, governed by a custom-designed function, ensures
that the health assessment remains responsive to environmental
changes and capable of adapting to critical operational

variations. The specific change formula is as follows:

0.3+ 0.3 -¢705(—30) T < 40
W(T) =403 40 < T <60 (6)
0.75 — e 0-1(T-60) T > 60

To analyze the variation in parameter weights under varying
operating conditions, average monthly oil temperature data

sampled at the beginning of each month in 2022 were utilized

to assess transformer health. The resulting weight distribution,
illustrated in Figure 8, highlights the dynamic interplay between
oil temperature and static parameters. During periods of
elevated oil temperature, its weight increases significantly,
reflecting heightened thermal risk, whereas the weights of static
factors such as maintenance history and operational age are
proportionally reduced. Under stable operating conditions, the
weight distribution shifts to emphasize static parameters. These
findings underscore the necessity of integrating both dynamic
and static factors to achieve accurate and adaptive health
assessments. By dynamically adjusting parameter weights, the
D-AHP method enhances the accuracy of the health index,
facilitating the real-time identification of high-risk equipment.
This approach establishes a robust foundation for predictive
maintenance, optimized resource allocation, and enhanced

transformer reliability.

0.8 Loading

T Symptoms
0.7 Age

1 History
0.6 [Temperature

Figure 8. Weight distribution at different times and

temperatures in 2022.
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To further demonstrate the robustness, risk resilience, and
generalization capability of the D-AHP method, we compared

its health assessment results with those of the traditional AHP

method and expert evaluations for different types of equipment
under varying operational conditions. The comparison is

summarized in Table 7.

Table 7. Comparison of Health Assessment Scores for Different Equipment.

Equipment Parameter Operational Condition Expert AHP D-AHP
Transformer Oil Temperature Normal (50°C) 85 83 84
Transformer Oil Temperature High Risk (70°C) 60 55 62
Circuit Breaker Operation Count Normal (Low Operations) 88 86 87
Circuit Breaker Operation Count High Risk (High Operations) 58 52 60
Cable Insulation Condition =~ Normal (Good Insulation) 90 88 89
Cable Insulation Condition =~ High Risk (Degraded Insulation) 62 55 64

As shown in Table 7, under normal operating conditions,
both D-AHP and AHP produce health assessment scores that are
close to the expert evaluations, with minor deviations. However,
under high-risk conditions, the traditional AHP method tends to
underestimate the health score, failing to accurately reflect the
increased risk. In contrast, the D-AHP method dynamically
adjusts the weights of critical parameters and produces scores
that are much closer to the expert evaluations, demonstrating its
superior ability to capture and respond to risk factors across
different types of equipment.

This comparison highlights the key advantage of D-AHP: its
dynamic weight adjustment mechanism enables it to adapt to
changing operational conditions and diverse equipment types,
providing more accurate and reliable risk assessments. By
aligning more closely with expert evaluations, especially under
high-risk scenarios and across various equipment types, D-AHP
has proven to be a robust and generalizable tool for health

assessment in complex and dynamic environments.

5.3. Performance evaluation of DRL-based complete

coverage path planning

To validate the effectiveness of the proposed improved DRL
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algorithm for inspecting electrical equipment at island
substations, experiments were conducted using data based on
equipment prioritization that were obtained through D-AHP
analysis. For comparative analysis, three substations with
similar configurations were included. In the experiments,
priority maps for electrical equipment, derived from D-AHP
analysis, were used to optimize inspection paths, as illustrated
in Figure 9. Specifically, Block (a) shows the priority map for
the target substation, while Blocks (b), (c), and (d) present the
priority maps for the three similar substations. In the figures,
regions shaded in deeper red denote higher-priority equipment,
indicating components requiring more immediate inspection.
The priority information obtained from the D-AHP analysis
serves as the reward signal in the DRL algorithm, guiding the
optimization of path planning. This ensures that the inspection
process prioritizes critical equipment while minimizing the total
path length. By employing this method, differences in
equipment priorities across various substations can be

intuitively compared, validating the applicability and

effectiveness of the improved DRL algorithm for multi-

objective inspection tasks.
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Figure 9. Gridded condition assessment maps of different compartments.

In the path optimization process, this study employs an
improved deep reinforcement learning (DRL) algorithm that
integrates simulated annealing and pruning techniques.
Simulated annealing effectively mitigates the risk of getting
trapped in local optima, while pruning reduces the search space
by eliminating irrelevant paths and insignificant nodes, thereby

accelerating the path search process. The DRL network
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optimizes the inspection path by learning the relationship
between equipment priorities and path costs, thereby ensuring
that critical equipment is prioritized during inspection.
Specifically, the policy network in the DRL framework selects
the optimal action based on the current state, while the value
network evaluates the current policy and provides reward

signals as feedback to guide the path optimization process.

0 17
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Figure 10. The path planning results obtained by the model proposed in this study.

Figure 10 presents the inspection paths optimized by the
proposed improved deep reinforcement learning (DRL)

algorithm. The experimental results demonstrate that the

algorithm significantly enhances path planning performance by
minimizing total path length while prioritizing the inspection of

high-priority electrical equipment. Specifically, Blocks (a), (b),
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and (c) highlight the algorithm's ability to achieve a balance
between path length optimization and the prioritization of
critical equipment, ensuring that high-priority inspection tasks
are completed efficiently with minimal detours. In Block (d),
while a slight increase in path length is observed due to the

emphasis on inspecting high-priority equipment, the algorithm

maintains its efficacy in achieving an optimal trade-off between
path efficiency and priority-based task completion. These
results underscore the algorithm's ability to ensure
comprehensive inspection coverage while maintaining the

operational integrity and safety of the equipment.

Table 8. The repetition rate, coverage rate and number of steps of the planning results.

Block Algorithms Repeated coverage (%) Coverage (%) Step
Ours 0 100 17
DQN 0 100 17

Block
ock (a) Q-learning 0 100 18
GA 5.3 100 19
Ours 0 100 20
DQN 0 100 20
Block (b) Q-learning 47 100 21
GA 13.6 100 22
Ours 0 100 18
DQN 5 100 20

Block
ock (¢) Q-learning 10 100 20
GA 10.5 100 19
Ours 5.9 100 17
DQN 5.9 100 17

Block
ock (d) Q-learning 5.9 100 17
GA 11.1 100 18

Table 8 presents the key performance indicators for path
planning results across four distinct substation layouts: Block
(a), Block (b), Block (c), and Block (d). The comparison
includes the proposed improved deep reinforcement learning
(DRL) method, Deep Q-Network (DQN), Q-learning, and the
genetic algorithm (GA).

In Blocks (a), (b), and (c), the proposed method
demonstrates significant superiority in path length optimization
compared to Q-learning and GA. Specifically, in Block (a), the
proposed method achieves a path length of 17 steps, whereas Q-
learning requires 18 steps and GA requires 19 steps. Similarly,
in Blocks (b) and (c), the proposed method achieves path
lengths of 20 and 18 steps, respectively, outperforming both Q-
learning and GA. Although DQN exhibits competitive results
with 17 steps in Block (a) and 20 steps in Block (b), the key
distinction lies in redundant coverage. Notably, in Block (c),
DQN yields a redundant coverage rate of 5%, whereas the
proposed method maintains 0%, highlighting its superior ability
to eliminate unnecessary path overlaps.

For equipment coverage, all algorithms achieve 100%

across all layouts, ensuring thorough inspection of all electrical
equipment, particularly high-priority assets. The primary
advantage of the proposed method lies in its ability to minimize
path length while maintaining 100% equipment coverage. This
is particularly evident in Blocks (a), (b), and (c), where the
proposed method consistently outperforms Q-learning and GA
in minimizing path length while avoiding unnecessary overlaps.
Although DQN also achieves effective results, its slightly
higher redundant coverage suggests suboptimal path
exploration.

In Block (d), although all algorithms achieve 100%
equipment coverage, the redundant coverage rate of the
proposed method increases to 5.9%, matching those of DQN
and Q-learning. This increase, compared to the other three
blocks, arises from prioritizing inspections of high-priority
equipment, which may result in slight path overlaps to ensure
thorough coverage of these critical assets. Despite this, the
proposed method still outperforms GA, which exhibits the
highest redundant coverage rate at 11.1%. Regarding path
length, the proposed method achieves the shortest path with 17
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steps, equivalent to DQN and Q-learning but superior to GA,
which requires 18 steps. These results further validate the
effectiveness of the proposed method in optimizing path length
while balancing inspection completeness and path efficiency,
even when prioritizing high-priority equipment.

To further validate the effectiveness and stability of the
proposed improved DRL algorithm, we analyzed the training
process by monitoring the training loss curve, as illustrated in
Figure 11. The curve demonstrates a consistent and smooth
convergence trend, with the training loss decreasing from 0.020
to 0.0009 over 30 epochs. This gradual reduction in loss
indicates that the algorithm achieves stable learning and reliable
optimization capabilities. Specifically, the loss curve shows no
significant fluctuations or divergence, suggesting that the model
effectively adapts to the training data and converges to an
optimal solution.

Training Loss Curve with Epochs
0.020

0018 \

0.016

5 0014

Tran loss

0.012

0010

0.008 1 1 1 1 1 1
0
Epoch
Figure 11. Training loss curve of the proposed DRL algorithm.

In summary, the deep reinforcement learning-based path
planning method proposed in this paper not only minimizes path
length but also prioritizes the inspection of critical equipment,
significantly improving the efficiency and safety of unmanned
island substation operations and maintenance. In addition, the
DRL-based path planning method proposed in this paper
integrates simulated annealing and pruning algorithms to
minimize the path length and prioritize the inspection of critical
equipment. Specifically, the addition of simulated annealing
reduces the risk of local optima, while pruning significantly
narrows the search space by eliminating irrelevant paths and

nodes. As a result, the total path planning time is reduced to 8m

52.9s, which fully complies with the operational requirements
of island substation inspection robots. This efficient planning
time, combined with the ability to prioritize high-risk equipment,
ensures timely and accurate inspections, thereby enhancing the

reliability and safety of island substation operations.
6. Conclusion

This paper proposes an integrated framework for predictive
state assessment and path planning in island-based power
systems, emphasizing robotic inspections in unmanned
environments. The primary contributions include the
development of a novel Conv2D-PSE-iTransformer framework,
integrating Convolutional Neural Networks (Conv2D), the
Parallel Series Embedding (PSE) method, and the iTransformer
architecture to provide precise and reliable temperature
predictions. Furthermore, a comprehensive health assessment of
substation electrical equipment was conducted using the
Dynamic Analytic Hierarchy Process (D-AHP). Building on
this assessment, we developed a Deep Reinforcement Learning
(DRL)-based path planning algorithm that adapts to real-time
equipment conditions. The algorithm efficiently prioritizes
high-risk areas for inspection while optimizing path lengths to
ensure complete coverage. By integrating predictive modeling,
dynamic health assessment, and optimized path planning, the
proposed method significantly improves the efficiency and
accuracy of robotic inspections in complex unmanned
environments. This work advances autonomous inspection
systems, enhancing the safety, reliability, and operational
efficiency of electrical island substations and other high-risk

environments.
7. Discussion

While the proposed method demonstrates significant
improvements in optimizing inspection time and prioritizing
critical equipment, this study has certain limitations that warrant
further investigation. Specifically, the performance variations
across environments of different complexities, computational
cost comparisons with traditional methods, and key metrics
such as false detection rate and equipment state prediction
accuracy were not extensively analyzed. These limitations stem
from the primary focus of this work, which was to introduce
a novel framework integrating predictive assessment with
inspection  path

planning, rather than  providing
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a comprehensive quantitative evaluation. indicators, including false detection rates and prediction

Future research will address these gaps by evaluating the accuracy. These efforts will further validate the method's
method's robustness in diverse operational environments, applicability and provide a more holistic understanding of its
conducting detailed computational cost analyses against performance under varying conditions.

traditional approaches, and examining critical performance
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