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To address the high computational complexity of existing deep learning models in transmission line insula-
tor material detection and their difficulty in deployment on mobile platforms, this paper proposes FVS-YO-
LO, a lightweight model. Building upon the YOLOvS8s architecture, this model implements three key opti-
mizations: First, an improved FasterNet module is introduced into the backbone network, where embedded
convolutional layers with stride=1 enhance feature extraction capability while significantly reducing float-
ing point operations (FLOPs). Second, a novel VoVGSCSPC neck module is designed, integrating group con-
volution and spatial convolution strategies to minimize computational redundancy during feature fusion.
Third, the parameter-free SimAM attention mechanism is incorporated to amplify critical features and sup-
press irrelevant information. Experiments were conducted on a self-built dataset comprising 3,089 images
across three insulator material types (composite, glass, and ceramic). Results demonstrate that FVS-YOLO
achieves a mAP@50 of 0.916 while reducing parameters to 5.0M (54.95% decrease), computational cost to
15.1 GFLOPs (46.83% reduction), and model size to 9.8MB (54.21% compression). Moreover, its inference
speed reaches 229.9 FPS, representing an 18% improvement. This model achieves a favorable balance be-
tween accuracy and lightweight design for insulator material detection, showing potential for deployment
on drone-edge computing devices and providing a promising solution for real-time smart grid inspection.
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1. Introduction

Insulators serve as critical components in power sys-
tems, functioning to support and isolate live conduc-
tors while preventing current leakage. These devices
are extensively employed in transmission lines, sub-
stations, and various electrical installations. How-
ever, insulators are vulnerable to multiple degrada-
tion mechanisms including surface contamination,
moisture absorption, cracking, material aging, and
corrosive deformation due to prolonged exposure
to harsh environmental conditions [9]. The detec-
tion of such defects is particularly challenging given
the typically small dimensions of insulator surface
flaws. As fundamental elements of transmission in-
frastructure, insulators are constantly subjected to
environmental stresses that may compromise their
integrity [9]. The material composition of insulators
constitutes a crucial factor in transmission line per-
formance and reliability. Consequently, the develop-
ment of efficient and accurate methods for insulator
material identification has emerged as a significant
research challenge in power system maintenance [1].
The choice of insulator material directly determines
several key performance characteristics, including
dielectric properties, mechanical robustness, and
environmental durability. Contemporary power
systems primarily utilize three classes of insulator
materials: ceramic, glass, and polymer composites.
Each material category exhibits distinct advantages
and limitations in terms of electrical performance,
mechanical strength, and service life. The appropri-
ate selection and maintenance of insulator materials
are therefore essential for ensuring the safe and effi-
cient operation of transmission networks.

Traditional insulator inspection primarily relies on
manual patrols. However, this approach faces grow-
ing challenges in meeting the demands of modern
power grid inspections due to numerous inspection
points, extensive coverage areas, complex working
environments, as well as high time consumption and
labor costs [8]. Currently, unmanned aerial vehicles
(UAVs) equipped with real-time image processing
systems have emerged as the mainstream solution
for overhead transmission line inspections. These
systems leverage advantages such as compact size,
operational flexibility, low cost, and high efficiency
[171, [24]. Specifically, UAVs can capture high-defi-
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nition images of transmission lines in real time and
utilize object detection algorithms to accurately
identify insulator material types. This capability
enables efficient and intelligent inspection of power
transmission infrastructure.

With the rapid development of deep learning tech-
nology, current research has focused on integrat-
ing object detection algorithms with UAV systems
to improve inspection efficiency, making fast and
efficient insulator material detection highly signif-
icant for practical applications. Current object de-
tection algorithms can be divided into two catego-
ries: single-stage detectors and two-stage detectors.
Single-stage algorithms including SSD [14] and the
YOLO series [10], [19], [20] are renowned for their
excellent processing speed. Two-stage detection al-
gorithms such as R-CNN [3], Faster R-CNN [6], and
Mask R-CNN [2] achieve higher detection accuracy
but face significant challenges in detection speed,
requiring improvement compared to single-stage
algorithms.

With the continuous advancement of single-stage
detection algorithms, numerous researchers have
investigated and improved various detection ap-
proaches to achieve accurate and rapid insulator
identification. Unlike defect detection, insulator
material identification is a more challenging fine-
grained classification task. Different materials (ce-
ramic, glass, composite) exhibit subtle differences
in visual features such as texture, gloss, and color,
imposing higher demands on the model’s feature ex-
traction capability.

In recent years, some researchers have begun to fo-
cus on material-related analysis of insulators. For
instance, Limin et al. [16] systematically discuss the
chemical composition and structural differences of
ceramics, glass, and composite insulators, and ana-
lyze the influence of material composition on elec-
trical performance and mechanical properties. Yang
etal.‘s[13] review focuses on the methods for detect-
ing insulator defects based on the characteristics of
sound, light and heat, and covers the differences in
the response of different materials (ceramics, glass,
composites) to the detection signals. However, the
current methods mainly rely on traditional image
processing and separate detection, making them
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difficult to deploy on resource-constrained UAV
platforms for real-time inspection. Research on ap-
plying lightweight deep learning models to insulator
material identification remains relatively scarce.

In the field of insulator testing, current research
mainly focuses on defect identification and material
identification [5]. The texture features of insulators
are extracted using the Gray-Level Co-occurrence
Matrix (GLCM), and the optimal feature subset is se-
lected through the feature selection algorithm for in-
sulator detection and positioning, while Guocui et al.
[4] address the influence of insulation insulator im-
age noise on texture feature extraction, two feature
descriptors, PHOG (Pyramid Gradient Orientation
Histogram) and BOW-SURF (Bag-of-Words Accel-
erated Robust Feature), which are fused to enhance
the ability of expressing detailed textures, but their
approach has certain limitations when compared
with traditional machine learning and deep learning.

Notwithstanding these improvements in detection
accuracy and processing speed, existing methods
have yet to effectively address the critical task of in-
sulator material identification - particularly for dis-
tinguishing between different material types under
practical operating conditions [21]. In the operation
and maintenance of power transmission lines, insu-
lators of different materials exhibit distinct aging
characteristics, require different inspection stan-
dards, and necessitate varied maintenance strate-
gies. Automatic material identification represents
a critical step towards achieving refined and intel-
ligent maintenance, yet current research shows a
noticeable gap in this area. Under complex natural
conditions (such as varying lighting, cluttered back-
grounds, and weather interference), simple network
pruning often leads to a sharp decline in feature ex-
traction capability — particularly for the subtle tex-
tures, gloss, and color features essential for material
differentiation [7], [22]. While pursuing speed, ex-
isting models struggle to maintain the ability to ro-
bustly extract these subtle features against complex
backgrounds. Therefore, there is an urgent need for
alightweight and efficient detection method capable
of meeting the recognition requirements for differ-
ent insulator materials.

Current research faces three major challenges in
achieving this goal: Firstly, while pursuing model
lightweighting and speed improvement, how to ef-
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fectively maintain or even enhance the detection
accuracy for insulator materials remains a critical
challenge, as simple network pruning often leads to
diminished feature extraction capability and accu-
racy loss [15], [18]. Secondly, insulator images often
contain complex background interference (such as
skies, transmission towers, and wires) and noise,
requiring the model to possess robust multi-scale
feature fusion capabilities and the ability to focus
on key features to ensure algorithmic robustness [5],
[25]. Lastly, for the specific task of insulator material
detection [11], how to reduce model complexity and
computational resource consumption (e.g., FLOPs
and parameter count) while avoiding memory access
becoming a performance bottleneck poses a practical
challenge for efficient deployment on edge devices.

To address these challenges, this study implements
targeted lightweight improvements based on the
YOLOvV8s model, aiming to reduce network com-
plexity while ensuring accuracy, thereby enabling
rapid and precise detection of insulator materials
and contributing to the safety and reliability of pow-
er transmission line operation and maintenance.
The proposed FVS-YOLO model overcomes the ex-
isting challenges through the following three core
improvements:

1 Introducing a lightweight FasterNet module to re-
place the backbone network of the YOLOv8 model.
This directly addresses the challenge of balancing
computational efficiency and accuracy. The mod-
ule significantly reduces floating-point operations
and frequent memory access through its partial
convolution strategy. While achieving network
lightweighting, its powerful feature extraction ca-
pability effectively mitigates the potential accura-
cy loss caused by backbone network simplification.

2 Adopting the VoVGSCSPC module to replace the
original C2f module in the model’s neck. This de-
sign aims to tackle the challenges of feature fu-
sion and robustness in complex backgrounds. The
VoVGSCSPC module enhances multi-scale fusion
capabilities and incorporates attention mecha-
nisms, optimizing the integration of features at dif-
ferent scales and strengthening the extraction and
utilization of key insulator features. This improves
the model’s recognition accuracy in complex envi-
ronments while further reducing the overall model
complexity and computational burden.
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3 Embedding the parameter-free SIimAM attention
mechanism. This improvement specifically ad-
dresses the challenge of enhancing the salience
of key features without increasing computational
costs. Based on neuroscience theory, SIimAM uses
an energy function to enhance important feature
channels and suppress redundant information.
It improves the network’s focus on key regions of
insulators and optimizes feature representation
without introducing additional parameters, there-
by enhancing the model’s robustness to complex
backgrounds and image noise.

2. Methods
2.1.YOLOvS

YOLOvVS continues the backbone network and neck
network design of CSPDarkNet. It replaces the C3
module of YOLOv5 with the C2f module, further en-
hancing the lightweight effect. It adopts the design
concept of dual detection heads and anchor-free

Figure 1
Architectural Overview of YOLOv8 Network.
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boxes, making the training and inference of the mod-
el more efficient. As shown in Figure 1, the network
structure of YOLOVS is presented. It mainly consists
of three parts: the backbone, the neck, and the head.
The backbone part is composed of 5 convolutional
modules, 4 C2f modules, and 1 SPPF module, used
for feature extraction. Compared to the C3 module,
the C2f module has lower parameters and better fea-
ture extraction capabilities. The neck is composed
of 4 C2f modules, 2 convolutional modules, and 2
upsampling modules to further process and fuse the
features from the backbone part. Through downs-
ampling and upsample operations, the detailed fea-
tures at the lower level and the semantic features at
the higher level are fused together to obtain a more
comprehensive and rich feature representation. The
head partuses decoupled heads to process the feature
maps of three different levels and generate output re-
sults. The aim is to achieve more efficient object de-
tection, with stronger feature extraction capabilities
compared to YOLOvV5, and performs particularly well
in complex backgrounds and object detection.
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Figure 2
Architectural Diagram of FVS-YOLO Network.
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2.2.FVS-YOLO

Although the YOLOvVS8 model performs well in gen-
eral image processing, it still poses challenges in de-
tecting insulator materials under complex natural
environments and image noise. Therefore, address-
ing the issues of YOLOvS8's slow detection speed,
high computational cost, and large model size, this
study proposes a lightweight insulator material de-
tection model called FVS-YOLO, aiming to achieve
rapid detection while ensuring accuracy, in order
to ensure the safe and stable operation of power
transmission lines. The model structure diagram
is shown in Figure 2. This model introduces an im-
proved FasterNet backbone to replace the original
backbone block. This module has stronger feature
extraction capabilities, alleviating the reduction in
model accuracy caused by the embedding of light-
weight backbone networks. Additionally,a VoVGSC-
SPC module is designed to replace the C2f module
of the original model, enabling further reduction in
the model’s parameters and computational cost. To
effectively enhance the performance of neural net-

works, a SImAM parameter-free attention mecha-
nism module is introduced. This further improves
the model’s performance.

2.3. Improve the FasterNet Module

In the application of insulation material detection
for high-voltage transmission lines, various com-
plex environmental backgrounds, such as changing
viewpoints due to fog, result in large computational
requirements and oversized models for the original
YOLOv8s model. The lightweight design of convolu-
tional neural networks typically relies on strategies
such as factorized convolutions and sparse connec-
tions, which can significantly reduce model com-
plexity. However, these approaches commonly face
the limitation of potentially compromising feature
extraction capability, leading to accuracy degrada-
tion. To construct a more lightweight and efficient
backbone network, this paper proposes an improved
FasterNet module as the backbone network. The core
innovation of FasterNet lies in its partial convolution
(PConv), which reduces redundant computations and
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memory access while maintaining strong feature ex-
traction capabilities, thereby achieving an optimal
balance between lightweight design and performance.

Material recognition depends on capturing subtle fea-
tures such as textures and color nuances. Traditional
lightweight networks (e.g., MobileNet) employing
depthwise separable convolutions may cause feature
degradation, whereas FasterNet's PConv strategy
better preserves these critical discriminative fea-
tures. Our selection of FasterNet is precisely aimed
at ensuring the extraction of material-discriminative
features while maintaining lightweight efficiency.

Building upon the original FasterNet architecture,
we embed a convolutional layer with stride=1 after
each basic module. This enhancement strengthens
the feature extraction capability and compensates
for the inherent limitations of lightweight networks
in feature representation.The improved FasterNet
backbone network is shown in Figure 3. The core in-
novation lies in the partial convolution (PConv) op-
eration, which achieves lightweight design by reduc-
ing redundant computations. Given an input feature
map X € RO"” where C represents the number of
channels, the partial convolution first splits the in-
put along the channel dimension into two partitions
as shown in Equation (1):

X = [XA,XB]’ XA c Rerwa’ XB R (C=rC)xHxW W

where r represents a partition ratio (typically r=4).
The partial convolution performs standard convolu-
tion operations only on one partition (e.g., X*), while
leaving the other partition (X*) unchanged. This pro-
cess can be formulated as shown in Equation (2):

Y,=Conv(X,), Y,=X,. @)

Figure 3
The improved structure of the FasterNet network.
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Finally, the outputs are concatenated, with an op-
tional channel shuffle operation applied to facili-
tate information flow between the two partitions, as
shown in Equation (3):

Y = Shuffle([Y,,Y,]) . ®

2.4.VoVGSCSPC Module

Following the optimization of the backbone net-
work, we further implement a lightweight design
for the neck network. Specifically targeting the
neck architecture of YOLOvS8s, which primarily em-
ploys C2f modules for feature fusion, we address a
critical limitation: while C2f modules effectively
integrate features, their dense cross-layer connec-
tions and convolutional operations introduce sub-
stantial computational redundancy. This inherent
characteristic hinders optimal deployment on re-
source-constrained edge devices. Therefore, this
paper uses lightweight network modules to improve
the C2f module of the neck network. The improve-
ment is achieved through the GSConv (Group-wise
and Spatial Convolution) module, which optimizes
the Cross-Stage Partial connection (CSP) structure.
By enabling more efficient gradient flow and infor-
mation fusion, it reduces computational complexity
while enhancing feature representation. This mod-
ule aims to balance the model’s representational ca-
pacity and computational efficiency through the in-
tegration of group convolution and standard spatial
convolution.

Insulators exhibit different levels of features at
various capture scales. The VoVGSCSPC module
is introduced into the neck network to strengthen
multi-scale fusion capability, enabling the model to
comprehensively leverage both macroscopic shapes
and microscopic textures for material identification.

FasterNet FasterNet |1 | Z g
Block Block |1 |3 5‘
|
Stage 3 Stage 4
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Figure 4
Structure diagram of GSConv network.

Specifically, GSConv first applies group convolution
to the input feature map to reduce inter-channel
computational complexity. Subsequently, it employs
a standard spatial convolution layer to promote in-
formation fusion across different feature groups,
compensating for potential information loss caused
by pure group convolution. This "group-then-fuse”
strategy significantly reduces the number of param-
eters while maintaining rich feature representation
capability. The schematic diagram of the GSConv
structure is shown in Figure 4. Its core can be re-
garded as an efficient feature transformation func-
tion. Assuming the module has two input branches
X, and X, (e.g., feature maps from different scales),
the generation process of its output Y can be simpli-
fied as Equation (4):

Y =FVoVGSCSPC(X,, X,) =
ConV(Cat[G(Xl),H(Xz )])"‘ X ‘

shortcut

@

As shown in Figure 5, based on GSConv, we further
construct the GS Bottleneck module. Specifically, the
GS Bottleneck module consists of two GSConv lay-
ers connected via a residual connection for feature
reuse. The input features first pass through the first
GSConv for channel compression and spatial feature
extraction, then through the second GSConv to re-
store the channel dimension, and finally are added to
the input features. This design reduces computation-
al cost while maintaining stable gradient flow.
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Output

As illustrated in Figure 6, the VoVGSCSPC module
for the cross-stage partial network is designed based
onthe GS bottleneck module using a one-shot aggre-
gation approach. The VoVGSCSPC module adopts a
cross-stage partial network structure. Input features
are split into two parts along the channel dimension:
one part is directly passed to the output, while the
other part sequentially passes through the GS Bot-
tleneck module for feature extraction. The two parts
are concatenated along the channel dimension and
then fused via GSConv. This "partial processing,
partial bypass” design effectively reduces redundant
gradient information and computational cost.

Figure 5
Structure of the GS bottleneck module.
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Figure 6
Structure of the VoVGSCSPC module.
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2.5. SimAM Unparameterized Attention
Module

To enhance the model’s ability to focus on key features
and suppress complex background interference, this
paper embeds the SimAM (Simple Attention Module)
parameter-free attention mechanism before the de-
tection head. The core innovation of SImAM lies in its
neuroscientifically inspired energy function, which as-
signs an independent importance weight to each neu-
ron without introducing any learnable parameters.

For an input feature map X € R“#" SIimAM evalu-
ates the importance of each neuron through the fol-
lowing energy function, as shown in Equation (5):

o = A4S+ A)
C(t=p) +267 +24

where ¢ is the target neuron, /i and 62 are the mean
and variance of all neurons except ¢, and A is a hyper-
parameter. A lower energy value e, indicates higher
discriminability between the target neuron and its
surrounding neurons, implying greater importance.

Finally, the weighted feature map produced by Si-
mAM is expressed as shown in Equation (6):

X = sigmoid(%) OX (6

where FE is the energy matrix computed by the ener-
gy function, and © denotes element-wise multipli-
cation. This parameter-free design enables SimAM
to adaptively enhance important features and sup-
press redundant information without increasing
model complexity, making it particularly suitable
for deployment on resource-constrained edge devic-
es. Figure 7 illustrates the structural diagram of the
SimAM attention mechanism.

In addition to structural optimization, to address in-
terference from complex backgrounds, we introduce
a mechanism that enables the model to focus on the
insulator itself while suppressing background noise,
thereby enhancing the model’s ability to focus on
key features. The SimAM non-parametric attention
mechanism is introduced before the detection head
to improve focus on critical regions and directly en-
hance the robustness of material classification. The
prominent advantage of SIimAM lies in its non-para-
metric nature and the unified weight calculation
based on a neuroscientific energy function. This
means it can adaptively enhance important features
without increasing model complexity. Its core idea is
to assign aunique weight to each neuron in the feature
map, derived through a general energy function, thus
avoiding the introduction of additional model param-
eters. This parameter-free design enables SimAM to
adaptively enhance key features and suppress redun-
dant information without increasing model complex-
ity, making it particularly suitable for deployment on
edge devices with limited computational resources.
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Figure 7
Structure Diagram of Parameter-Free Attention Mechanism.
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3. Experimental Design and Data
Analysis

3.1. Experimental Environment and
Configuration

This experiment was conducted on the Windows 10
system. The hardware system for implementing the
algorithm was set up with RTX 4060Ti-8GB, 32GB
memory, and i7-13700KF. Python 3.10, the deep

Table 1
Experimental Parameter Settings.

Name parameters
Input size 640 640
Batch-size 4
Training rounds 250
Initial learning rate 0.01

Optimizer SGD
Learning rate momentum 0.937
Weight decay coefficient 0.0005

Learning rate scheduler Cosine Annealing

Confidence threshold 0.25
NMS threshold 0.5
Random seed 0

o7
2

W

»
»

”
7

learning framework Pytorch 2.1.0, and CUDA 11.8
were used. The parameter settings in the experiment
are shown in Table 1.

3.2. Experimental Data Set

Based on the China Transmission Line Insulator Data
Set (CPLID), and by obtaining some images from the
images captured by unmanned aerial vehicles for the
inspection of transmission lines, the insulator ma-
terial data set and the insulator defect data set were
obtained. As shown in Figure 8, the insulator mate-
rial dataset comprises three categories: composite,
glass, and ceramics. The original data was expanded
through data augmentation techniques. Data aug-
mentation expands the dataset by applying a series
of transformations to the original data, including
rotation, brightness adjustment, and noise addition.
The initial insulator dataset was expanded from 2,197
images to 3,089 images, effectively increasing data
diversity and thereby enhancing the model’s gener-
alization capability under limited sample conditions.

The dataset contains three insulator material cat-
egories: ceramics, composite, and glass. The image
distribution across the three categories is 1,024 ce-
ramic, 1,052 composite, and 1,013 glass images, total-
ing 3,089 images. A total of 7,119 insulator instances
are annotated across all images, with an average of
2.30 insulator instances per image. The distribution
of annotated instances is as follows: ceramics ac-
count for 3,666 instances, glass for 2,015 instances,
and composite for 1,438 instances.
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Figure 8
Diagram of Insulator Materials.

(a) ceramics

Annotation was performed using Labellmg software
by two independent annotators. The annotation
guideline required bounding boxes to tightly fit the
outer edges of insulators. For partially occluded or
blurred samples, annotation standards were deter-
mined through discussion between the two anno-
tators. All annotation results were cross-validated,
achieving over 95% consistency, with inconsistent
samples being reviewed and corrected.

The dataset partitioning adopts a stratified sam-
pling strategy to ensure that the proportion of each
material type remains consistent across the train-
ing set, validation set, and test set, with a partition-
ing ratio of training set : validation set : test set="7:
2 :1, providing a reliable data foundation for model
training and evaluation.

3.3. Evaluation Indicators

In order to evaluate the efficiency of the FVS-YOLO
model in detecting insulator materials, the average
precision (AP), mean average precision (mAP), pa-
rameter quantity (Params), computational quanti-
ty (GFLOPs), and detection speed (FPS) indicators
were used for assessment.

When calculating the AP value, an IoU threshold is
usually set. When the IoU threshold is 0.5, the AP
value is called the AP, average precision, which is
the calculation of various targets, AP values. The cal-
culation formula for AP is shown in Equation (7).

AP =[ P(RYR. ™

mAP as a commonly used comprehensive performance
indicator, is typically used to evaluate the performance

(b) composite
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of multi-object detection algorithms. It is the mean av-
erage precision of all types of targets, and the calcula-
tion formula for mAP is shown in Equation (8).

mAP=l(ZAB] ®
AN

In the formula, 4P, represents the average accura-
cy of the i type of target, which is the area under the
curve, P-R is the number of target categories, Pis the
precision, and R is the recall rate.

3.4. Ablation Experiment

To validate the effectiveness of each improved mod-
ule and to determine whether conflicts exist among
them, this study conducted a series of ablation ex-
periments based on the YOLOv8s model, introduc-
ing each improvement incrementally to verify the
effectiveness of the FVS-YOLO model. The experi-
mental setup is as follows: Improvement 1 denotes
replacing the backbone network with FasterNet;
Improvement 2 denotes embedding a convolutional
layer with a stride of 1 into the FasterNet backbone;
Improvement 3 denotes replacing the neck C2f mod-
ule with the VoVGSCSPC module; Improvement 4
denotes removing the large-scale detection layer
from the network; Improvement 5 denotes embed-
ding the SimAM attention mechanism before the
detection head. All experiments were run five times
independently (with random seeds set to 1, 2, 3, 4,
and 5, respectively), and the results are reported as
mean + standard deviation. The experimental design
and results are shown in Table 2, where “vV” indicates
the introduction of the corresponding improvement
and “x” indicates its absence.
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Table 2
Ablation experiment.
) 2Area of 1mzrovement4 . mAP@50 Params(MB) = GFLOPs(G) FPS(f/s) S}Z:(iﬁl];)
x x x x x 0.916+0.012 1.1 284 194.8+2.3 214
v x x x x 0.901+0.015 5.6 14.0 2416+31 10.8
4 v x x x 0.912+0.011 7.3 18.3 2176427 14.1
v v v x x 0.907+0.013 6.8 16.2 214.0+2.5 133
4 v x x v 0.913+0.010 73 18.3 2184+2.8 14.1
v v v v x 0.911+0.014 6.8 16.2 231.3+2.9 133
v v 4 4 v 0.916+0.090 5.0 15.1 229.9+2.6 9.8

Note: The mAP@50 and FPS values in the table are presented as mean + standard deviation from five independent experiments. The
standard deviation of all mMAP@50 values is below 0.15%, indicating that the experimental results are stable and reliable. The parameters,
GFLOPs, and model size are theoretical values and remained unchanged across the five experiments.

As shown in Table 2, replacing the backbone network
of the YOLOv8s model with the lightweight FasterNet
(Improvement 1) reduced the mAP@50 from 91.6% to
90.1%, a decrease of 1.5 percentage points. At the same
time, the number of parameters decreased from 11.1M
to 56M (a 49.5% reduction), computational cost
dropped from 28.4 GFLOPs to 14.0 GFLOPs (a 50.7%
reduction), and model size was compressed from 21.4
MB to 10.8 MB (a 49.5% reduction). This indicates
that the FasterNet backbone effectively reduces both
the time and space complexity of the model, albeit at
the cost of some accuracy loss.

To mitigate the accuracy degradation caused by the
insufficient feature extraction capability of the light-
weight backbone, a convolutional layer with a stride
of 1 was embedded into the FasterNet network (Im-
provement 2). As shown in Table 2, after incorporating
Improvement 2, the mAP@50 increased from 90.1%
to 91.2%, a gain of 1.1 percentage points. Although the
parameter count, computational cost, and model size
increased slightly (to 7.3M, 18.3 GFLOPs, and 14.1 MB,
respectively), they remained substantially lower than
those of the baseline YOLOv8s model. This demon-
strates that embedding the convolutional layer effec-
tively enhances the feature extraction capability of the
network, thereby improving detection accuracy.

Replacing the C2f module in the neck network with
the VoVGSCSPC module (Improvement 3) further
reduced the model’s parameter count, computation-
al cost, and model size. As shown in the fourth row

of Table 2, compared with the third row, the number
of parameters decreased from 7.3M to 6.8M (a 6.8%
reduction), computational cost dropped from 18.3
GFLOPs to 16.2 GFLOPs (an 11.5% reduction), and
model size was reduced from 14.1 MB to 13.3 MB (a
5.7% reduction). This indicates thatthe VoVGSCSPC
module achieves further lightweighting. It should be
noted, however, that introducing this module caused
a slight decrease in mAP@50 (from 91.2% to 90.7%),
which needs to be compensated for in subsequent
improvements.

After removing the large-scale detection layer from
the neck network (Improvement 4), the model’s pa-
rameter count decreased from 6.8M to 5.0M (a 26.5%
reduction), computational cost dropped from 16.2
GFLOPs to 15.1 GFLOPs (a 6.8% reduction), and model
size was compressed from 13.3 MB to 9.8 MB (a 26.3%
reduction), while the mAP@50 increased from 90.7%
to 91.1%. This suggests that removing the redundant
large-scale detection layer not only reduces model
complexity but also improves detection accuracy by
reducing interference from irrelevant features.

After embedding the parameter-free SimAM at-
tention mechanism before the detection head (Im-
provement 5), the complete model (FVS-YOLO)
achieved an mAP@50 of 91.6%, matching the base-
line YOLOvS8s, while the number of parameters
(5.0M), computational cost (15.1 GFLOPs), and mod-
el size (9.8 MB) were reduced by 54.95%, 46.83%, and
54.21%, respectively, compared to the baseline. The
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detection speed increased from 194.8 FPS to 229.9
FPS, a gain 0of 18.0%. The ablation experiment results
demonstrate that the various improved modules work
well together, and the final model achieves significant
lightweighting while maintaining detection accuracy.

3.5. Contrast Experiment

To comprehensively evaluate the performance of the
proposed FVS-YOLO model, this study compared it
with several mainstream object detection models, in-
cluding YOLOv5s, YOLOv7tiny, YOLOvVS8s, YOLOvVSn,
YOLOvV10s, YOLOv1ln, YOLOv12n, YOLOvV26n, as
well as the lightweight model MobileNetV3-SSD. All
models were trained and tested on the same dataset,
and the experimental results are shown in Table 3.

As shown in Table 3, the FVS-YOLO model achieves
an mAP@50 of 91.6%, matching that of YOLOvSs (also
91.6%), ranking among the top of the compared models.
On the more stringent mAP@50:95 metric, FVS-YO-
LO attains 71.3%, slightly outperforming YOLOv8s
(71.2%), indicating strong localization accuracy.

In terms of lightweight design, FVS-YOLO has 5.0M
parameters, representing a 54.95% reduction com-
pared to YOLOVSs; its computational cost is 15.1
GFLOPs, a 46.83% reduction; and its model size is
9.8 MB, a 54.21% reduction. Compared to YOLOvVS8n,
which is specifically designed for lightweight appli-
cations, although YOLOvV8n has fewer parameters
(8.2M) and lower computational cost (8.7 GFLOPs),

Table 3
Model Comparison Results.

Ap (%)
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its mAP@50 is only 90.1%, which is 1.5 percentage
points lower than that of FVS-YOLO. Compared to
the ultra-lightweight YOLOv1ln, YOLOv12n, and
YOLOv26n, FVS-YOLO achieves 14, 2.4, and 3.9
percentage points higher in mAP@50, respective-
ly, and 3.8, 3.9, and 5.7 percentage points higher in
mAP@50:95, respectively, demonstrating a clear ac-
curacy advantage. Compared to MobileNetV3-SSD,
FVS-YOLO outperforms it by 3.2 percentage points
in mAP@50, while the parameter count and mod-
el size are roughly comparable. This indicates that
FVS-YOLO achieves a better balance between accu-
racy and efficiency.

In terms of detection speed, FVS-YOLO reaches
229.9 FPS, outperforming YOLOvS8s (194.8 FPS)
and YOLOv5s (192.3 FPS), and is slightly lower than
YOLOvVS8n (267.5 FPS) as well as YOLOv1ln (288.6
FPS), YOLOv12n (299.0 FPS), and YOLOv26n
(828.5 FPS). Considering accuracy, speed, and mod-
el size comprehensively, FVS-YOLO demonstrates
comprehensive advantages in the task of insulator
material detection.

Regarding per-class AP, FVS-YOLO achieves the
highest recognition accuracy on glass insulators
(92.3%), followed by composite insulators (92.0%),
and relatively lower accuracy on ceramic insulators
(90.5%). The analysis suggests that glass insulators,
with their smooth surfaces and pronounced reflec-
tive characteristics, are more distinguishable from

Models Map@50 @ Map@50:90 Params @ GFLOPs FPS Weight

ceramic composite glass (%) (%) D @ &/s) size (MB)
MobileNetV3-SSD | 0.875 0.889 0.891 0.884 0.671 4.5 6.2 201.3 91
YOLOvV5s 0.901 0.912 0.914 0.909 0.705 7.0 15.8 192.3 137
YOLOvTtiny 0.878 0.895 0.922 0.891 0.684 6.0 131 2174 117
YOLOvS8s 0.908 0.918 0.908 0.916 0.712 111 284 194.8 214
YOLOv8n 0.891 0.905 0.907 0.901 0.693 3.2 8.7 267.5 6.5
YOLOv10s 0.894 0.909 0.912 0.905 0.699 8.0 24.5 196.1 157
YOLOv1in 0.910 0.872 0.925 0.902 0.675 2.59 6.3 288.6 5.5
YOLOv12n 0.904 0.844 0.927 0.892 0.674 2.58 6.3 299.0 5.5
YOLOv26n 0.902 0.826 0.904 0.877 0.656 2.38 5.2 328.5 54
FVS-YOLO 0.905 0.920 0.923 0.916 0.713 5.0 151 229.9 9.8
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the background, whereas ceramic insulators have
rougher surfaces and colors similar to those of some
composite insulators, increasing recognition diffi-
culty. Compared to YOLOv7tiny, although its com-
putational cost (13.1 GFLOPs) is slightly lower than
that of FVS-YOLO, its mAP@50 is only 89.1%, the
lowest among the compared models, making it insuf-
ficient for accurate insulator material recognition.

3.6. Results Visualization

The lightweight insulator recognition model based on
YOLOvS8s has significant improvements in terms of
parameter quantity, computational load and weight
size. To qualitatively evaluate the detection perfor-
mance of the model, Figure 9 shows the visualization
results of the lightweight insulator detection mod-
el. From the figure, it can be seen that the improved
model in this paper can accurately identify insulators
in power transmission lines. Therefore, the modern
intelligent inspection method based on computer vi-
sion, compared with the traditional inspection meth-
od, demonstrates a significant advantage in inspec-
tion speed, and achieves a relative balance between
inspection speed and inspection accuracy.

Figure 9
Visualized Results.
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3.7. Robustness Analysis

To verify the robustness of the proposed model un-
der complex environments, four typical interfer-
ences were respectively added to the test set: fog
(density 0.02), low light (brightness 50%), Gauss-
ian noise (o = 0.05), and motion blur (7x7 kernel).
The performance changes of FVS-YOLO and the
baseline model YOLOv8s were tested under these
conditions. The experimental results are presented
in Table 4.

Table 4

Model performance comparison under different
interference conditions (mAP@50).

Interference YOLOvVS8s FVS-YOLO
No interference 0.916 0.916
Fog 0.842 0.861
Low light 0.803 8.829
Gaussian noise 0.788 0.814
Motion blur 0.825 0.847
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4. Conclusion

This study proposes FVS-YOLO, a lightweight in-
sulator material detection model that focuses on
small-scale features and integrates drone technol-
ogy with deep learning to effectively identify insu-
lator materials. In the FVS-YOLO model, FasterN-
et is employed to achieve lightweight design while
maintaining stronger representational capacity
through partial convolution, aiming to extract sub-
tle features for material discrimination rather than
merely localizing insulators. Furthermore, the
VoVGSCSPC lightweight module is incorporated to
further enhance model efficiency. Additionally, by
removing large-scale detection layers and embed-
ding the SimAM attention mechanism before the
detection head, feature representation capability
is strengthened to improve detection performance.
These two improvements work synergistically to
enhance the model’s ability to focus on and fuse key
material-specific features in complex backgrounds
and multi-scale scenarios, thereby boosting the ro-
bustness and accuracy of material classification. An
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