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Abstract

The intelligent fault detection of power plant equipment in industrial settings often grap-
ples with challenges such as insufficient real-time performance and interference from
complex backgrounds. To address these issues, this paper proposes an image recognition
and classification model based on the VMamba architecture. At the core of our feature
extraction module, we have improved and optimized the two-dimensional state space
(SS2D) algorithm to replace the traditional convolution operation. Rooted in State-Space
Models (SSMs), the SS2D module possesses a global receptive field by design, enabling it
to effectively capture long-range dependencies and establish comprehensive contextual
relationships between local and global features. Crucially, unlike the self-attention mecha-
nism in Vision Transformers (ViT) that suffers from quadratic computational complexity,
VMamba achieves this global modeling with linear complexity, significantly enhancing
computational efficiency. Furthermore, we employ an enhanced PAN-FPN multi-scale fea-
ture fusion strategy integrated with the Squeeze-and-Excitation (SE) attention mechanism.
This combination optimizes the spatial distribution of feature representations through
channel-wise attention weighting, facilitating the effective integration of cross-level spatial
features and the suppression of background noise. This study thus presents a solution
for industrial equipment fault diagnosis that achieves a superior balance between high
accuracy and low latency.

Keywords: arrester; infrared image recognition; VMamba; FPN-PAN

1. Introduction
Power equipment constitutes a critical infrastructure underpinning a nation’s eco-

nomic and social development. Most of this equipment is required to operate continuously,
making it not only prone to failures but also susceptible to cascading effects, such as
regional blackouts and substantial economic losses, once a fault occurs. As the core of
modern energy systems, the reliability of power equipment is inextricably linked to the
lifeline of the national economy and the stability of social security. Within this context,
surge arresters play a vital role in ensuring grid reliability and operational safety [1]. As
key protective devices, arresters suppress lightning and switching overvoltages to prevent
insulation breakdown of critical equipment and related cascade failures. Failure to detect
anomalies in their operational status in a timely manner can lead to a series of faults and
potential hazards, potentially resulting in severe equipment damage and even regional
grid paralysis.
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Traditional methods for arrester fault diagnosis, including manual inspection, contact
sensor monitoring (e.g., total current method, third harmonic method), and offline testing,
are fraught with limitations. Manual inspections are inefficient and subjective [2]; contact
sensors incur high deployment costs and are difficult to deploy for full-time, comprehensive
monitoring due to fixed installation points and sampling frequency constraints; offline tests
fail to capture the real-time dynamic characteristics of equipment [3].

With the advancement of non-contact detection technologies, deep learning-based
fault diagnosis methods using infrared image analysis have garnered significant attention.
By interpreting equipment status through thermal radiation characteristics, this approach
offers non-invasiveness and remote operability, presenting a novel path for intelligent
power equipment maintenance. However, inherent characteristics of infrared images—such
as low contrast, thermal diffusion effects, and complex background interference—pose
significant challenges to accurate recognition. In response, researchers have explored
various deep learning models. For instance, Ullah I and colleagues proposed a defect
recognition method for high-voltage equipment based on deep learning, achieving a mean
Average Precision (mAP) of 0.92 but at the cost of high latency [4]. Liu C et al. adopted an
MTI-YOLO network for target detection, yet the average accuracy remained at 89.7% [5].
Meanwhile, Liu Zhiwei et al. proposed an arrester early-warning model using LSTM and
random forest algorithms, which can predict future status based on historical parameters to
prevent faults from long-term degradation but is incapable of addressing real-time, sudden
faults [6].

The limitations of existing models are primarily rooted in their architectural founda-
tions. Traditional Convolutional Neural Networks (CNNs) are inherently limited by their
local receptive fields, struggling to model global contextual relationships, which is crucial
for distinguishing fault features from complex backgrounds. While Vision Transformers
(ViTs) overcome this by leveraging self-attention for global modeling, this mechanism
introduces quadratic computational complexity with respect to image size. This leads to ex-
orbitant memory usage and compromised inference speed when processing high-resolution
infrared images [7], hindering their application in real-time scenarios.

To overcome the aforementioned challenges, this study introduces the VMamba net-
work architecture, which innovatively synergizes the computational efficiency of CNNs
with the global perceptual capabilities of ViTs [8]. The core innovation of VMamba lies in
its use of State-Space Models (SSMs) and a bidirectional scanning mechanism. SSMs are
renowned for their proficiency in handling long-sequence dependencies with linear com-
plexity. The SS2D module in VMamba extends this capability to 2D images by employing a
cross-scanning strategy that traverses the feature map from four different directions. This
process effectively flattens the 2D spatial data into sequences while preserving contextual
information from multiple orientations, thereby establishing global feature dependencies
without the computational burden of self-attention. This design effectively alleviates the
conflict between the limited receptive field of CNNs and the high computational load of
ViTs. Consequently, VMamba demonstrates superior capability in addressing specific chal-
lenges in power equipment infrared imaging. Experiments confirm that this architecture
maintains the real-time processing advantages of CNNs while significantly enhancing the
modeling of global correlations among fault features, offering a novel and efficient technical
pathway for the intelligent fault diagnosis of power equipment.

2. The Overall Structure of the Network Model
The proposed model adopts a Mamba network as its backbone to extract fundamental

features from input images. Figure 1 shows the complete structure of the model, including
the entire process from input feature extraction, feature enhancement to task processing.
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Figure 1. The overall structure of the network model.

Compared to traditional convolutional neural networks (CNNs), the Mamba network
demonstrates superior capability in modeling global image information. Moreover, it
circumvents the exponential computational complexity growth typical of Transformer
architectures when processing complex inputs. This design achieves a balance between
comprehensive feature representation and computational efficiency, thereby meeting the
requirements for real-time monitoring applications.

Following feature extraction, a dedicated feature enhancement module is incorporated
to filter out interference and accentuate discriminative features, ultimately improving
model accuracy. This module integrates a PAN-FPN multi-scale fusion strategy augmented
with a Squeeze-and-Excitation (SE) attention mechanism. The PAN-FPN structure facili-
tates effective multi-scale feature aggregation, while the SE mechanism enhances spatial
information integration through its unique adaptive feature recalibration capability. Finally,
a decoupled head module is employed to separately perform object classification and
bounding box regression tasks, further refining detection performance.

2.1. Feature Extraction Module

First, the input infrared image (with original resolutions of 640 × 480 or 1024 × 768,
uniformly adjusted to 640 × 640 to balance detection accuracy and computational efficiency)
is processed by the stem module. As shown in Figure 2, this module partitions the image
into non-overlapping 4 × 4 patches and maps them to a 2D feature map with a spatial
dimension of H

4 × W
4 (where H = W = 640), followed by an initial linear embedding

layer to adjust the feature channel dimension to a preset value C. This step reduces
spatial redundancy while retaining core temperature distribution information, laying the
foundation for subsequent multi-scale feature processing.
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Figure 2. Multi-scale feature extraction.

On the basis of the initial feature map, three consecutive VMamba network stages
are employed to construct hierarchical feature representations with decreasing resolutions,
directly supporting the Feature Pyramid Network (FPN) mechanism in the subsequent
feature enhancement module. The first stage processes the initial H

4 × W
4 feature map using

two Visual State Space (VSS) blocks and one patch merging layer, outputting a feature map
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with a resolution of H
8 × W

8 and a doubled channel dimension (2C)—this stage focuses on
capturing shallow features such as the edge contours of arresters and surface temperature
textures. The second stage continues processing the H

8 × W
8 feature map with the same

VSS + patch merging structure, generating a H
16 × W

16 feature map (4C channels) that mainly
extracts intermediate features like component-level temperature distribution patterns (e.g.,
temperature gradients between different sections of multi-section arresters). The third
stage further downsamples the feature map to H

32 × W
32 (8C channels) through VSS blocks

and patch merging, constructing global feature representations that reflect the overall
operational state of arresters (e.g., overall overheating trends or abnormal temperature
concentration areas). This hierarchical design is tailored to the scale diversity of arrester
fault features: shallow stages preserve fine details to identify minute hotspots (such as
10–20 pixel faults caused by loose connections), while deep stages model global context to
detect large-area overheating (such as insulator aging covering hundreds of pixels).

To address the limitations of the original VMamba’s State-Space 2D (SS2D) module
in adapting to industrial infrared image tasks—including insufficient sensitivity to local-
ized temperature anomalies and lack of physical interpretability—this study enhances
the SS2D mechanism by integrating multi-modal temperature features and equipment
physical priors. Specifically, a gradient computation module based on the Sobel operator is
introduced to extract temperature gradient fields in the X and Y directions of the infrared
image, generating a gradient magnitude channel that characterizes abrupt temperature
changes (e.g., clear boundaries between fault hotspots and normal areas) to supplement the
SS2D module’s ability to capture local anomaly edges. Meanwhile, based on the “People’s
Republic of China Electric Power Industry Standard: Application Specification for Infrared
Diagnosis of Live Equipment” [9], two-level temperature thresholds are established (warn-
ing threshold Twarning = 70 ◦C), alarm threshold Talarm = 90 ◦C), and corresponding binary
mask channels are generated (1 for pixels exceeding the threshold, 0 otherwise) to feed
into the SS2D module as physical constraint signals. Additionally, the original SS2D’s
fixed four-directional scanning is optimized to prioritize scanning along the “fault-sensitive
direction” (determined by the maximum temperature gradient direction): for example, ver-
tical scanning is prioritized for vertical temperature differences caused by insulator aging,
while 45◦ diagonal scanning is used for local hotspots from loose connections—this reduces
redundant background scanning and improves the efficiency of fault feature capture.

The enhanced SS2D module ultimately outputs a multi-channel feature tensor that
integrates raw temperature data, gradient magnitude information, and temperature thresh-
old masks. This design not only retains the original SS2D’s advantage of linear-complexity
global feature modeling (with an overall computational complexity of O(B × H × W × D),
where B is the batch size and D is the feature dimension) but also enhances the physical
interpretability and anomaly sensitivity of features, providing robust feature support for
the subsequent feature enhancement module to further suppress background noise and
integrate cross-scale information.

It should be particularly noted that the core function of the feature extraction module is
to construct a hierarchical multi-scale feature representation by initially screening effective
information related to faults (such as temperature gradients, edge contours, and global
overheating trends), while suppressing irrelevant low-level noise. The multi-scale feature
map it outputs will serve as the input basis for the subsequent feature enhancement module,
which will further achieve cross-level feature fusion and targeted noise suppression.

2.2. Feature Enhancement Module

As a subsequent step of the feature extraction module, the feature enhancement
module focuses on addressing the limitations of single-scale feature representation and the
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interference of residual background. Although the feature extraction module has completed
the hierarchical feature construction from shallow to deep and the preliminary screening of
fault information, there is still a lack of effective information interaction among features
of different scales, and complex background noise still remains in the feature map. To
this end, this module achieves the two core goals of “cross-scale feature integration” and
“background noise suppression” by integrating pyramid feature fusion technology with
the SE attention mechanism, and forms a complementary collaborative process of “feature
construction—feature optimization” with the feature extraction module.

Pyramid feature fusion technology resolves the contradiction between feature location
accuracy and semantic understanding depth through a two-way interaction path from top
to bottom and bottom to top [10]. In infrared image analysis, this architecture organically
combines the abstract semantic features learned by deep networks (such as fault mode
category information) with the fine-grained spatial features captured by shallow networks
(such as temperature gradients and device edges) through lateral connections and cross-
scale information transmission: The bottom-up path retains the local temperature gradient
and edge profile of the device, while the top-down path provides semantic guidance on the
global device structure and failure modes. After integrating the SE attention mechanism, the
module adaptively adjusts and optimizes the feature spatial distribution through channel
weights, further suppressing complex background noise (such as other equipment in the
substation and environmental interference), and enhancing the feature response in the
fault area.

2.3. Comparison with the Same Type of SSM Visual Models

The core rationale for selecting VMamba over other SSM variants—such as Mamba-
UNet, VMAMBA-YOLO, MambaVision, and S4Vision—lies in its architectural design being
highly aligned with the core requirements of infrared fault detection for arresters.

From the perspective of architectural features, VMamba incorporates a four-directional
cross-scanning SS2D module embedded throughout all network stages. This design enables
more comprehensive modeling of correlations between global and local features in infrared
images, which is a critical advantage over comparative models.

Compared to Mamba-UNet and MambaVision, VMamba’s four-directional scanning is
uniquely sensitive to temperature gradients in infrared images. Arrester fault features typi-
cally exhibit distinct gradient variations across multiple directions. The multi-directional
scanning of VMamba captures these critical gradient features completely, whereas the unidi-
rectional scanning of Mamba-UNet and MambaVision often misses gradient information in
non-scanning directions—leading to incomplete extraction of fault features. Compared to
S4Vision, which focuses on the theoretical generalization of SSMs in visual tasks, VMamba
further optimizes the SS2D module for the specific characteristics of infrared data. S4Vision
employs a generic spatial modeling strategy that lacks targeted adaptation to infrared
image properties; in contrast, this study enhances VMamba’s SS2D module by integrating
temperature gradient features and physical threshold constraints, making it more compati-
ble with the data characteristics of arrester infrared fault detection. Additionally, S4Vision
exhibits higher computational complexity in multi-scale feature processing, which fails to
meet the real-time requirements of industrial monitoring.Compared to VMAMBA-YOLO,
which prioritizes lightweight design and speed, VMamba not only retains comparable
efficiency but also compensates for VMAMBA-YOLO’s insufficient detection capability
for minor faults. By integrating the FPN-PAN multi-scale feature fusion and SE attention
mechanism, VMamba can accurately distinguish between normal and faulty arresters even
in complex substation backgrounds.
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Furthermore, VMamba does not rely on additional encoder–decoder structures or
anchor box adaptation mechanisms. It directly balances detection accuracy and computa-
tional efficiency through native multi-scale feature extraction and global feature modeling.
In contrast, Mamba-UNet suffers from poor real-time performance due to its unidirectional
scanning and encoder–decoder overhead; VMAMBA-YOLO has limited multi-scale expres-
sion; MambaVision incompletely captures fault features due to unidirectional scanning;
S4Vision exhibits poor adaptability to infrared image characteristics.

All these limitations make the aforementioned models less suitable for arrester infrared
fault detection than VMamba.

As indicated in Table 1, while Mamba-UNet’s encoder–decoder structure can model
global features, its unidirectional scanning limits multi-scale capture ability, and its real-
time performance fails to meet industrial monitoring needs. Although VMamba-YOLO is
lightweight (8.9G FLOPs), its simplified feature interaction leads to low detection rates for
minor faults (e.g., 10–20-pixel hotspots). MambaVision and S4Vision suffer from incomplete
fault feature capture and poor infrared scenario adaptability, respectively. In contrast,
VMamba—through four-directional cross-scanning, multi-stage feature extraction, and
SE attention enhancement—not only addresses the real-time limitations of Mamba-UNet
and the accuracy deficiencies of VMamba-YOLO but also overcomes the shortcomings of
MambaVision and S4Vision in feature capture and scenario adaptation. Its architectural
design is highly matched to the core requirements of arrester infrared fault detection,
making it the optimal choice.

Table 1. Horizontal Comparison of Mainstream SSM Visual Models.

Comparison
Dimension Mamba-UNet VMamba-

YOLO MambaVision S4Vision OURS

Core Architecture Encoder–
Decoder

Lightweight
YOLO

Architecture

Sequential
Scanning SSM

(Unidirectional)

General SSM
(Single-directional
Spatial Modeling)

Multi-stage VSS
Blocks +

Four-Directional
Cross-Scanning

Multi-Scale Feature
Capture Weak Weak Moderate Moderate Strong

Anti-Interference in
Complex

Backgrounds
Weak Weak Moderate Moderate Strong

Industrial
Deployment Cost High Low Medium Medium Medium

3. Experiment
The computer configuration used for training in this study is: Intel i7-12700K processor,

produced in Jiangsu, China, and MSI NVIDIA GeForce RTX 3090 graphics card. The
operating system used is Ubuntu 18.04, built on the deep learning framework PyTorch 2.1.1
and accelerated by NVIDIA CUDA 12.1.

3.1. Dataset

The dataset used in this study includes 200 images of surge arresters. Since multiple
surge arresters are often present in one image and both normal and faulty ones tend to
coexist, it is roughly estimated that the samples in normal operation account for 60%
of the dataset, while the faulty samples account for 40%. The original resolutions are
640 × 480 (104 frames, accounting for 52%) and 1024 × 768 (96 frames, accounting for 48%),
respectively. Although the sizes of the input images are not uniform, we will resize the
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images once before they enter the model, changing them to 640 × 640 that is compatible
with the model. The dataset was collected from an indoor laboratory (80 pieces, accounting
for 40%) and an outdoor substation (120 pieces, accounting for 60%) under different lighting
conditions (normal light: 144 pieces, accounting for 72%; weak light: 32 pieces, accounting
for 16%; Strong light: 24 images, accounting for 12%. However, it should be noted that
since the images used are infrared images, they are not affected by environmental lighting
conditions. Through the size adjustment function of the model, all images are uniformly
adjusted to 640 × 640, enabling the model to adapt to various input sizes in practical
applications. However, if the size is too small, it may reduce the detection accuracy. All
images were labeled with object bounding boxes using labelImg. The images were then
labeled and divided into a training set (120 images), a validation set (20 images), and a test
set (60 images) in a ratio of 6:1:3.

The two major features of this dataset directly determine the model input design
and are highly aligned with the input specifications of the feature extraction module
(Section 2.1): Firstly, resolution diversity—due to the different models of infrared cameras,
the collected images mainly include two resolutions: 640 × 480 and 1024 × 768, which
match the flexibility requirements of the feature extraction module for the input resolution.
Secondly, the difference in fault scale—the fault features cover the range from “10–20-pixel
micro-hotspots to 100–200-pixel large-area overheating zone insulator aging”, which is
completely in line with the “multi-scale feature capture” goal of the VMAMBA-based
extraction module.

According to the “People’s Republic of China Electric Power Industry Standard:
Application Specification for Infrared Diagnosis of Live Equipment,” the normal thermal
characteristics of a surge arrester include slight overall heating. Typically, the warmer area
is closer to the upper part and may be unevenly distributed. In multi-section arresters,
the temperature should gradually decrease from the top to the bottom sections. Overall
or localized overheating is considered abnormal [9]. As shown in Figure 3, the left half of
the picture shows the high-temperature area in the middle caused by a fault. Compared
with other parts, the temperature difference in this area is significant. The right half of
the picture shows a normally working surge protector, with a relatively uniform surface
temperature distribution.

Figure 3. Normally operating and overheated lightning arresters.
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3.2. Evaluation Index

To evaluate the effectiveness of the model, this study adopts mean Average Precision
(mAP) and Recall (R) as the evaluation criteria. Here, Average Precision refers to the
proportion of correctly predicted positive samples among all samples predicted as positive
by the model, indicating the fraction of true positive instances in the predicted positive set.
This metric is calculated for each individual category, and its formula is as follows:

φP =
λTP

λTP + λFP
(1)

where φP represents the precision value, λTP denotes the number of true positives, and
λFP indicates the number of false positives. The mean Average Precision (mAP) is defined
as the average of precision values across multiple categories, serving as a comprehensive
metric to evaluate the overall performance of the model:

mAP =
1
N

N

∑
i=1

APi (2)

Recall refers to the proportion of correctly identified positive samples among all actual
positive samples:

φR =
λTP

λTP + λFN
(3)

where φR represents the recall rate, λTP denotes the number of true positives, and λFN

indicates the number of false negatives [11].

3.3. Experimental Setup and Result Analysis

The training of the proposed model comprises two distinct phases: the frozen stage
and the unfrozen stage. During the frozen stage, the parameters of the feature extraction
module remain fixed while only fine-tuning the remaining parts of the network. This
approach significantly reduces the number of parameters requiring optimization, thereby
accelerating the training process. In the subsequent unfrozen stage, all network parameters
become trainable, which substantially increases computational load and reduces training
speed. However, since most parameters except those in the feature extraction module
have been pre-trained during the frozen phase, the primary parameter adjustments are
concentrated in the feature extraction module, effectively mitigating the computational
burden to some degree.

To enhance the model’s generalization capability, mosaic data augmentation is imple-
mented. This technique randomly combines multiple images through scaling, cropping,
and rearranging operations to form composite images, which improves the model’s detec-
tion performance for small objects and enables more efficient data utilization.

All images in the target detection dataset undergo standardized preprocessing with
resolution adjusted to 640 × 640 pixels. The training strategy is configured with 100 total
epochs, where the first 50 epochs employ a frozen backbone network with a batch size of
16. During the unfrozen training phase, the batch size is reduced to 8. To optimize training
efficiency, the number of data loading workers is set to 10, while the initial learning rate is
established at 0.01 using an SGD optimizer with a momentum of 0.937. Furthermore, an
adaptive cosine annealing learning rate scheduling strategy is incorporated to dynamically
adjust the learning rate throughout the training process.

Although the total number of training epochs was set to 100 in the experimental
configuration, as shown in Figure 4, the loss values stabilized significantly around epoch
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50, indicating that the model had effectively converged and the training process was
essentially complete.

Figure 4. Model training loss value.

Regarding model precision, the evaluation employs the accuracy rate and recall rate
as previously defined. The score_threshold serves as a critical parameter: only when
the confidence level of a predicted target exceeds this threshold is it classified as a true
positive. Consequently, increasing the threshold enhances precision but simultaneously
reduces recall, necessitating the selection of an appropriate threshold value to balance these
two metrics.

For the two classification categories, as illustrated in Figure 5, the overall mean
accuracy reached 95.41%. Specifically, the model achieved 96% accuracy for normally func-
tioning targets and 94% accuracy for faulty targets. Figure 6 shows the fault identification
results of the model for some images in the test set. The 0/1 beside the identification
box represents the sequence of type labels, which correspond precisely to the faulty and
normally operating lightning arresters.

Figure 5. Average accuracy rate of the model.
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Figure 6. Part of the recognition result graphics.

To validate the model’s performance, a comparative experiment was conducted using
the same dataset tested on comparable models including YOLOv8 and YOLOv11. As
summarized in Table 1, the proposed model achieved a mean Average Precision (mAP) of
95.41%, It outperforms the yolo series models in terms of recognition accuracy, but is lower
than the network based on the transformer prototype. Although the Swin-Transformer
achieved an accuracy rate of 98.1, there are significant computational cost and real-time
performance defects behind its high precision. The core self-attention mechanism leads to
a quadratic increase in computational complexity with the resolution of the input image,
causing the floating-point operation volume (FLOPs) of the model to reach 8.8 G when
processing 640 × 640 resolution images (as shown in Table 2). In industrial real-time
monitoring scenarios, this high computational overhead directly leads to the inference
being unable to meet the real-time response requirements of online monitoring of substation
equipment (typically requiring ≥20 FPS). In addition, the high memory usage of the Swin-
Transformer also increases the difficulty of edge deployment and makes it hard to adapt to
the lightweight hardware environment of the substation site [12–15].

Table 2. Comparison Results of Different Models.

Model Backbone Input Size mAP (%)

YOLOv8n CSPNet 640 × 640 70.01
YOLOv11n CSPNet 640 × 640 84.4
YOLOv11m CSPNet 640 × 640 81.2

Ours without SE VMamba 640 × 640 94.34
Ours without SPPF VMamba 640 × 640 94.43

Swin-transNet Swin-Transform 640 × 640 98.1

Ours VMamba 640 × 640 95.41

In contrast, the model based on VMamba in this paper achieved a high mAP of 95.41%
with a lightweight parameter count of 11.64 M and a FLOPs of 5.7 G, achieving a better
balance between accuracy and efficiency. VMamba, through a linear complexity state space
model (SSM) and a four-way cross-scanning mechanism, not only retains the global feature
modeling capability but also avoids the secondary complexity of self-attention, making it
more suitable for the real-time deployment requirements of industrial scenarios.

Furthermore, an ablation study was conducted to evaluate the contribution of individ-
ual components within the proposed model. The study involved systematically removing
two key modules: the SPPF block and the SE attention mechanism. Experimental results
demonstrate that removing the SPPF module led to a 0.98% decrease in accuracy, while
eliminating the SE attention mechanism resulted in a more pronounced reduction of 1.07%
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in model performance. Professional technical education special skills training cases and
training methods. Figure 7 shows the classification effect of the model under different
parameters to select the optimal parameters.

Figure 7. Model performance under different hyperparameters.

To investigate the impact of hyperparameter variations on model performance and
identify a set of optimized hyperparameters, this study designed a comparative experiment
evaluating the accuracy of models trained with different hyperparameter configurations.
The results, presented in Figure 7, demonstrate that as the learning rate, batch size, and
momentum were adjusted, the model’s overall performance exhibited an initial increase
followed by stable improvement.

When the learning rate was set at 0.001, batch size at 8/4, and momentum at 0.85, the
overall accuracy reached only 0.905. As the learning rate increased to 0.01 and momentum
was adjusted to 0.9, accuracy significantly improved to 0.93. However, when momentum
further increased to 0.95, model performance slightly declined to 0.91. After increasing the
batch size to 16/8, accuracy recovered and reached its peak of 0.9541 at a momentum of
0.937, with normal operation accuracy at 0.96 and fault detection accuracy at 0.94.

Table 3 shows the FLOPs of different models under the same size of image input. It
can be clearly seen that the model in this paper has an advantage over other models such
as transformer in terms of computational complexity.

Table 3. Comparative experimental results of different algorithms [16–18].

Model Backbone Input FLOPs (G)

SE-ResUNet - 224 × 224 24.8
DSNet Swin-Transform 224 × 224 9.2

Swin-transNet Swin-Transform 224 × 224 8.8
Ours VMamba 224 × 224 5.7

Regarding the issue of computing speed, similar models were also used for comparison
in the research. In this paper, FLOPs was selected as one of the measurement standards
because FLOPs is a parameter that is not affected by the hardware environment and directly
reflects the amount of computation required for model inference. By comparing FLOPs, the
computational efficiency of each model can be objectively evaluated to a certain extent. In
addition, our model can achieve a real-time detection requirement of 30 FPS by using an
image size input of 320 × 320 on the detection device (The computer used for the test is
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equipped with an Intel Core i7-9750H processor, 8 GB RAM and an NVIDIA GeForce RTX
1650 graphics card produced by Gigabyte in Dongguan, China).

4. Conclusions
To address the need for rapid and accurate identification of surge arresters in substa-

tion environments using infrared images, this paper proposes a lightweight and efficient
recognition method based on the VMamba architecture. Experimental results show that the
proposed method achieves a detection accuracy of 95.41% on a self-built infrared dataset
of surge arresters, while its computational FLOPs are significantly lower than those of
comparable models. This ensures high precision while markedly improving detection
efficiency, meeting the real-time monitoring requirements for substation equipment. Future
work will focus on extending the approach to simultaneously identify and classify other
substation equipment and their potential faults.

In addition, this study has some limitations. Firstly, it is difficult to collect the dataset.
The number of pictures of normal operation is very sufficient, but the dataset of equipment
failure operation is very scarce. Therefore, although the accuracy rate of the test is very
high, in actual use, diverse and complex failure scenarios will greatly reduce the accuracy
rate. Secondly, the infrared recognition model can only be used to issue an alarm when
the equipment experiences severe overheating after a fault is detected. It is insufficient
in providing early warnings for the initial stage of a fault. Finally, although vmamba has
outperformed the transformer model in terms of computational complexity, it still requires
a considerable amount of computation and has shortcomings when dealing with edge
devices and the like. At the same time, this study only focused on balancing computational
complexity and building a global perspective, and indeed did not consider the limitations
of SSM in other aspects. In addition, although the accuracy rate of the model has reached a
relatively high value, when we examine the cases of failed recognition, we find that such
samples mostly come from certain situations where the overall surge arrester is slightly
heated. At this time, the temperature of the surge arrester is close to the threshold edge and
there is no obvious temperature difference. However, this often indicates that the surge
arrester is about to malfunction, which is the optimal time for fault identification. It is
hoped that these problems can be solved in future research.

In view of the limitations of the model in this paper, specific research will be carried
out in the following three aspects in the future:

To address the scarcity of fault samples, a fault sample generation technology based
on diffusion models is adopted, and real fault samples are constructed in combination with
the physical characteristics of substation equipment. Introduce semi-supervised learning
frameworks to enhance the model’s generalization ability for complex fault scenarios by
leveraging a large number of unlabeled normal samples. Meanwhile, under the same
hardware environment, the parameter and frame rate data of mainstream models such as
YOLOv8, YOLOv11, Swin-Transformer, and MambaVision need to be supplemented in the
future. Through a three-dimensional comparison of “precision—parameter—speed”, the
industrial deployment value of this model has been verified.

Early fault warning and time series modeling: By integrating historical tempera-
ture monitoring data of equipment, a VMamba-TimeSeries hybrid model is constructed.
Through time series feature modeling, the gradual temperature trend in the early stage of
faults is captured, achieving an upgrade from “fault detection” to “early warning”. Intro-
duce the weighted temporal features of the attention mechanism to enhance the timeliness
of early warning.

Lightweight deployment optimization: In response to the deployment requirements
of edge devices, model quantization and pruning techniques are adopted to compress the



Electronics 2025, 14, 4784 13 of 14

parameter quantity to less than 5 M and reduce FLOPs to less than 3 G. Combined with
the TensorRT inference acceleration engine, real-time inference (≥30 FPS) on edge devices
is achieved.
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