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Abstract

Ensuring transmission line safety is crucial. Detecting insulator defects is a key task.
UAV-based insulator detection faces challenges: complex backgrounds, scale variations,
and high computational costs. To address these, we propose FIAEPI-KD, a knowledge
distillation framework integrating Feature Indicator Attention (FIA) and Edge Preserva-
tion Index (EPI). The method employs ResNet and FPN for multi-scale feature extraction.
The FIA module dynamically focuses on multi-scale insulator edges via dual-path atten-
tion mechanisms, suppressing background interference. The EPI module quantifies edge
differences between teacher and student models through gradient-aware distillation. The
training objective combines Euclidean distance, KL divergence, and FIA-EPI losses to
align feature-space similarities and edge details, enabling multi-level knowledge distilla-
tion. Experiments demonstrate significant improvements on our custom dataset contain-
ing farmland and waterbody scenarios. The RetinaNet-ResNet18 student model achieves
a 10.5% mAP improvement, rising from 42.7% to 53.2%. Meanwhile, the Faster R-CNN-
ResNet18 model achieves a 7.4% mAP improvement, rising from 42.7% to 50.1%. Addi-
tionally, the RepPoints-ResNet18 model achieves a 7.7% mAP improvement, rising from
49.6% to 57.3%. These results validate the effectiveness of FIAEPI-KD in enhancing
detection accuracy across diverse detector architectures and backbone networks. On the
MSCOCO dataset, FIAEPI-KD outperformed mainstream distillation methods like FKD
and PKD. Ablation studies confirmed FIA’s role in feature focus and EPI’'s edge differ-
ence quantification. Using FIA alone increased RetinaNet-ResNet50’s mAP by 0.9%.
Combined FIA+EPI achieved a total 3.0% improvement, the method utilizes a lightweight
student model for efficient deployment, providing an effective solution for detecting insu-
lation defects in transmission lines.

Introduction

In modern power transmission systems, transmission lines are crucial for power delivery.
Their stable operation is essential for the smooth functioning of social production and daily
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life. Power accident statistics show that transmission line faults, like insulator absence, caused
over 200 large-scale power outages in the past five years. These outages resulted in direct eco-
nomic losses of hundreds of millions of yuan. Insulators are core components of transmission
lines. They support and insulate the lines, which is vital for their electrical and mechanical
stability. If insulator absence occurs, the risk of short-circuits, leakage, and other accidents
increases significantly. This leads to large-scale power outages, which affect industrial produc-
tion and residents’ lives. It may also cause serious safety incidents, resulting in huge economic
losses and social impacts. Therefore, detecting insulator absence accurately and efficiently has
become an urgent need for the power industry to ensure transmission safety [1].

In recent years, inspection technology using Unmanned Aerial Vehicles (UAVs) has been
widely used to detect insulators on transmission lines. UAV's are flexible and efficient. They
can quickly capture image data of transmission lines, improving detection efficiency. How-
ever, as shown in Fig 1, the images captured by UAV's have several problems. The backgrounds
are complex, with interference from trees and buildings [2]. This affects the performance of
object-detection models and reduces accuracy. The scale of insulators also varies greatly in
the images due to differences in shooting angles and distances. This makes detection more
difficult. Additionally, deep-learning-based object-detection models have advantages in accu-
racy. However, they require large amounts of computing resources and storage space. They
also have high hardware requirements, making them unsuitable for real-time deployment in
resource-constrained environments.

Fig 1. The missing situation of transmission line insulators from multiple perspectives, with complex backgrounds covering different geographical environ-
ments such as farmland, water bodies, and factories. The red box in the figure indicates the location of the missing insulator, which is used to highlight the target

to be detected.

https://doi.org/10.1371/journal.pone.0324524.9001
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Currently, methods for detecting insulators on transmission lines can be divided into tra-
ditional image-processing-based methods and deep-learning-based methods [3]. Traditional
image-processing methods, such as those based on color intensity profile transformation and
machine learning [4,5], collect images through UAVs to build datasets [6]. These methods
identify feature points, perform transformation processing, and use algorithms like decision
trees and random forests for classification [7,8]. These methods work well in simple scenar-
ios. However, they are affected by background, angle, and distance. In complex backgrounds,
they may misjudge other objects as insulators. They also struggle to detect small or occluded
insulator defects. On the other hand, deep-learning-based methods, such as the improved
Cascade R-CNN algorithm, have improved detection accuracy. This algorithm combines pre-
training strategies, FPN modules, and specific networks for detection. However, when han-
dling complex-background images from UAVs, these methods still face challenges. They have
low detection accuracy for small-target insulators and poor adaptability to insulators of dif-
ferent scales. Additionally, the high computational complexity of deep-learning models and
their strict hardware requirements limit their application in resource-constrained scenarios.

Knowledge distillation technology [9] has been widely studied in object detection and can
improve model performance [10]. However, when applied to insulator absence detection,
existing knowledge distillation methods face many challenges. Traditional methods trans-
fer features directly or use fixed semantic features. These methods cannot fully explore the
unique features of insulators in complex backgrounds. As a result, the student model has diffi-
culty learning key knowledge from the teacher model. This affects detection accuracy and the
robustness of the model.

In summary, existing methods have various problems in insulator absence detection.
These issues seriously restrict the safety monitoring of transmission lines. To address these
issues, this paper proposes an innovative knowledge distillation strategy, FIAEPI-KD. This
method combines attention guidance and edge detection. It uses the ResNet backbone net-
work combined with FPN for multi-scale feature extraction. This captures feature information
of insulators at different resolutions. The FIA module is designed to focus on the edge details
of insulators. It enhances the perception of subtle features. The EPI module is introduced to
quantify edge feature differences between the student and teacher models. It effectively guides
the model to learn accurate edge representations. During the model training stage, an objec-
tive function is constructed. This function includes Euclidean distance, KL divergence, and
losses based on FIA and EPI. It helps the model focus on feature space similarity and edge
information retention, improving the accuracy and reliability of insulator absence detection.

The main contributions of this paper are as follows:

1. We proposed a novel knowledge distillation method for feature indicator edge-
preserving detection. We applied it to insulator absence detection. This method provides a
new way to improve the detection accuracy of insulator absence under different backgrounds.

2. We proposed the Feature Indicator Attention mechanism. This mechanism helps the
lightweight model focus on key feature regions of insulator image data. It enables the model
to accurately extract effective features.

3. We proposed the Edge Information Preservation module. This module enhances the
detection model’s attention to the edge information of insulators. It improves the accuracy of
insulator absence detection.

4. We proposed a scalable framework for knowledge distillation. This framework inte-
grates multi-scale feature fusion and edge-awareness. It enhances the performance of student
models in resource-constrained environments. It also enables real-time detection of insulator
defects across various transmission line conditions, improving both detection accuracy and
efficiency.
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Related work
Detection in power transmission scenarios

Existing methods for detecting insulators on transmission lines mainly fall into two cate-
gories: traditional image-processing-based methods and deep-learning-based methods.

For traditional methods, Han et al. [11] created the “InST detection” dataset and proposed
a ResNet50-based multi-branch convolutional network. They addressed background inter-
ference, angle/distance impacts, and multi-fault detection using k-means priors and custom
loss functions. Tomaszewski et al. [12] introduced a color intensity profile method with UAV-
collected images. Features were transformed via Welch/Periodogram algorithms and classified
using decision trees, random forests, or XGBoost.

In the field of deep-learningbased methods, there are many new ideas. Zhang et al. [13]
enhanced Cascade R-CNN by integrating MSCOCO pretraining, FPN, and ResNeXt-101,
with data augmentation (rotation/filtering). Siddiqui et al. [14] designed a CNN system for
17 insulator types, combining rotation normalization, ellipse detection, and gunshot defect
analysis. Rahman et al. [15] developed a UAV-based system using LapSRN (super-resolution),
LIME (low-light enhancement), BRISQUE (quality assessment), and fine-tuned YOLOV4.
Zhai et al. [16] proposed MGRN (based on Faster R-CNN) with Appearance/Parallel/Spatial
Geometric Reasoning modules for geometric defect detection. Liu et al. [17] devised a cross-
modal enhancement algorithm (HICT for GAN-based image generation, MMA for multi-
scale fusion) for UAV defect detection. Wang et al. [10] optimized YOLOv8 with deformable
convolutions (C2f DCNv3), re-parameterized RCSP fusion, and a dynamic detection head for
multi-defect recognition. Xia et al. [18] replaced ResNet-50 with MobileNet V1 in CenterNet,
added CBAM attention and transposed convolutions, and validated on ID/CPLID datasets.

Lin et al. [19] proposed an Enhanced Disentanglement Module (EDM). This module
extends feature disentanglement from the detection head to the feature pyramid network. It
separates feature maps for classification and regression tasks to reduce task conflicts. Exper-
iments show EDM improves accuracy by 2% on general datasets like COCO. However, its
disentanglement relies on static feature separation. It does not dynamically adapt to com-
plex backgrounds (e.g., farmland and water interference in transmission line images). The
response alignment strategy (RAS) requires post-processing to filter predictions. It fails to
explicitly suppress noise during feature extraction. Zhang et al. [20] adjusted the ROIAlign
stride and redesigned the mask head. They fused global semantics with local details to
improve large-object segmentation accuracy. However, the method uses fixed stride and
pyramid-level fusion. This static strategy cannot adapt to dynamic scale changes (e.g., near-far
insulator size differences) or edge blur in transmission line scenarios. The fusion mechanism
ignores gradient sensitivity of edges. This may cause small-target details to be lost.

Ragini et al. [21] proposed SKDRMNet, a selective dense residual M-shaped network.

It jointly removes rain streaks and haze to enhance object detection accuracy. SKDRMNet
focuses on denoising and image quality restoration. However, it struggles to preserve edge
details and precise localization in complex backgrounds (e.g., insulator defects in transmis-
sion lines). Chintakindi et al. [22] designed a lightweight network using depthwise separable
convolution. It reduces parameters and suppresses background noise via feature enhance-
ment. However, the method targets only pedestrian detection. It does not address feature
conflicts between classification and regression tasks (e.g., insulator missing detection in
noisy transmission line backgrounds). Chintakindi et al. [23] proposed SSAD, a single-shot
multi-scale detection network. SSAD uses spatial feature relationships and global atten-
tion to highlight target regions. However, its fixed hierarchical feature fusion cannot adapt
to abrupt insulator scale changes. Static attention mechanisms lose small-target features.
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High-frequency noise (e.g., farmland textures and metal towers) disrupts SSAD’s global
spatial modeling. This leads to false detection of background artifacts as insulator edges.
Gumma et al. [24] used a Binary Domain Selection Mechanism (BDSM) to enhance key
regions. Nuthi et al. extracted frequency-domain features via wavelet transforms. These meth-
ods cause frequency confusion in complex backgrounds (e.g., dense wires and vegetation in
transmission line images). For example, high-frequency farmland textures may be misclassi-
fied as insulator edges. Low-frequency interference (e.g., water reflections) cannot be removed
by fixed filters.

Zhao et al. [25] proposed CWT-CARS-CNN. It enhances spectral sensitivity via contin-
uous wavelet transform (CWT) and selects key bands via CARS. The method achieves high
accuracy in coal-derived carbon estimation. However, CARS uses fixed statistical criteria for
band selection. It ignores dynamic frequency noise (e.g., farmland and water in transmission
line images). Key edge features (e.g., cracks) may be filtered out. The method lacks spatial
attention to handle insulator scale variations caused by shooting angles. Zhang et al. [26] pro-
posed a hybrid optimizer (WSHO). It combines Wingsuit Flying Search and Spotted Hyena
Optimizer to select features (e.g., NDVI and SRre). A triple classifier (SVM-RE-BiLSTM) is
used for mineral exploration. However, WSHO relies on artificial vegetation indices. Insula-
tors and metal towers have similar textures in transmission line images. This causes feature
confusion and false alarms. The Bi-LSTM’s sequential modeling responds slowly to rapid scale
changes of small insulators. It cannot balance speed and accuracy.

Most existing works primarily focus on general insulator or fault detection, overlooking
the specific challenge of detecting missing insulators. This task is particularly difficult as it
often involves small, irregular, and context-sensitive regions. The complexity of UAV images,
including factors like distant views, varying scales, weather conditions, and structural occlu-
sions, significantly complicates the accurate localization of missing insulators.

Although various object detection models such as YOLO, RetinaNet, and Faster R-CNN
have been applied to insulator detection, they often struggle to detect the subtle missing parts
of insulators, especially in conditions with haze or weak illumination. Moreover, while recent
advancements aim to support real-time deployment with lightweight detectors, these mod-
els often trade off spatial sensitivity and multi-scale representation to reduce computational
costs. Thus, insulator defect detection remains a challenging task due to the limitations of
current detection methods in handling complex backgrounds and fine details.

Knowledge distillation

There are also various types of knowledge distillation methods. Ren et al. [27] proposed a
Dynamic Knowledge Distillation (DKD) method and a noise-elimination strategy for RGB-D
Salient Object Detection (SOD). This method adopts an early-fusion strategy to concatenate
RGB images and depth images as input, uses a simple VGG16-or VGG19-based Feature Pyra-
mid Network (FPN) as the student model, and dynamically allocates distillation weights by
considering the performance of the teacher and the student during the training stage. At the
same time, it utilizes the prior knowledge of the teacher network to set a threshold to elim-
inate the noise of the depth map. Zhang et al. [28] proposed a Multi-layer Semantic Feature
Adaptive Distillation (MSFAD) method for object detection. This method uses a routing net-
work and a decision-making agent network composed of a teacher detector and a student
detector. Based on the training stage and samples, the student detector can automatically
select valuable semantic features from the teacher detector for learning.

Gao et al. [29] proposed a cross-domain few-shot adaptive classification algorithm named
SDM based on knowledge distillation technology. The SDM method adopts a teacher-student
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architecture and the MixUp technology. It pre-trains in the source domain to enhance the
model’s learning ability. The model is optimized through weak and strong augmentation
operations, as well as supervised classification and alignment distillation training. In the tar-
get domain, fine-tuning is carried out through image mixing and a random MixUp strategy to
balance the learning difficulty. Zhang et al. [30] proposed an Extreme R-CNN model for few-
shot object detection. This model adopts a two-stage fine-tuning approach (TFA), integrating
sample synthesis and knowledge distillation techniques. Regarding knowledge distillation, a
pre-trained backbone and Feature Pyramid Network (FPN) are utilized as the teacher model
to guide the fine-tuning process.

Park et al. [31] proposed a self-knowledge distillation method based on Pixel-Adaptive
Label Smoothing (PALS). They generate soft labels by calculating a similarity matrix to aggre-
gate the pixel probability distribution. The final labels are obtained by combining the one-hot
encoding distribution and adaptive weights. Moreover, they define the loss function using
the KL divergence. Zhang et al. [32] proposed a structured knowledge distillation scheme to
address the issues of foreground-background pixel imbalance and the lack of knowledge dis-
tillation regarding relationships between pixels, respectively. Chawla et al. [33] proposed a
data-free knowledge distillation method for object detection, named DIODE. This method
aims to solve the problems that existing knowledge distillation methods in object detection
rely on original data or have domain gaps. However, these methods still face some challenges
when applied to the detection of missing insulators.

FIAEPI-KD improves edge localization for small targets. It achieves precise multi-scale fea-
ture extraction in complex backgrounds. The framework is optimized for real-time insulator
missing detection in transmission line scenarios. The FIA module uses dual-path attention.

It dynamically enhances multi-scale edge features and suppresses background noise at the
teature level. This avoids redundant post-processing. The EPI module introduces gradient-
aware distillation loss. It quantifies edge differences between teacher and student models. This
ensures feature alignment between restoration and detection tasks.

Method
Feature indicator attention

In the realm of transmission line imagery, global context information plays a crucial role. It
helps the model quickly locate the region where insulators are absent and distinguish insula-
tors from other background objects. Unlike conventional insulator detection and knowledge
distillation methods, the processing pipeline of the proposed approach is shown in Fig 2. Tra-
ditional techniques focus on single-level features or use simple network architectures during
the feature extraction phase. This study, however, uses a ResNet [34] backbone network with
Feature Pyramid Networks (FPN) [35] for multi-scale feature extraction. The feature repre-
sentation is then refined by the Feature Indicator Attention (FIA) module and Edge Preserva-
tion Index (EPI) module. In the knowledge distillation process, traditional methods transfer
features directly or use fixed semantic features. This paper, in contrast, introduces a unique
attention-guiding and edge-information-retaining mechanism. This mechanism allows for
more efficient knowledge transfer from the teacher model to the student model, improving
the accuracy and robustness of insulator-missing detection.

The feature maps from the residual blocks in the shallow layers of ResNet mainly con-
tain local edge and texture features of the image. These features are crucial for capturing
fine-grained edge information of insulators. In the initial convolutional layers, small 3x3 con-
volution kernels with a stride of 1 are used to capture the local edge and texture features. As
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Fig 2. The proposed knowledge distillation architecture for insulator missing detection: It contains teacher and student networks. These networks are pro-
cessed through the backbone, Feature Pyramid Network (FPN), and the head network. There are stacked layers, and the Feature Indicator Attention (FIA) and
Edge-Preserving Index (EPI) modules are utilized to interact and normalize the features, generating Normalizeds and Normalizedr.
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Teacher Backbone

the network depth increases, the feature maps from subsequent residual blocks begin to inte-
grate more high-level semantic information. This includes the overall shape of insulators and
their positional relationships with the surrounding environment. To achieve this, larger con-

volution kernels are used, or the stride is adjusted, which expands the receptive field and cap-
tures high-level semantic features like the overall shape and position of the missing insulators
in the image.

In the process of multi-scale feature fusion within the FPN, the top feature map is upsam-
pled to match the resolution of the adjacent lower layer. The two feature maps are then com-
bined by addition. The top-layer feature map, despite being smaller, contains more global
semantic information. The feature map of the lower layer is slightly larger and holds more
local detailed information. This additive fusion method effectively integrates global informa-
tion and local details. Each fused feature map becomes better at capturing the shape and posi-
tion of insulators at different scales. The fused feature map can better discern the contours of
insulators against complex backgrounds and their variations when captured from different
angles and distances. This provides a more detailed and accurate feature representation for
subsequent detection tasks.

In this process, the student model (F*) and the teacher model (F') are obtained concur-
rently. The global context information G; and G; are respectively derived via global average
pooling [36] operations. The computational formula for global average pooling is as follows:

1 H W
= Hx WZZF("J) M
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Where H and W represent the height and width of the feature map, respectively.

To enhance the representation of global context information, we explore the internal cor-
relations among different channels of insulator features. We use F‘fj and Ft(’i‘].) to represent
the feature values of the c-th channel at position (i,j) in the feature maps of the student and
teacher models, respectively. The correlations among channels are captured by calculating the

correlation matrices R, and R,. The computational formulas are as follows:

H W
1,02 _ 5C1 5C2
R ‘;;Pﬂ(m ) 3)
H W
1,02 _ t,C1 t,C2
R; _ZZF(LJ') X Fiy (4)

Il
—_
-

Il
—

Among them, ¢; and c, represent different channel indices.

To make the correlation matrices more stable and easier to handle, we normalize them.
This gives us the normalized correlation matrices R, and R,. After calculating the correla-
tion matrices, we add a normalization layer. The normalization layer normalizes each chan-
nel of the correlation matrices, setting the mean to 0 and the variance to 1. This ensures that
the model can use the inter-channel correlation information to highlight the feature repre-
sentation of insulators. Based on the global context information and the normalized correla-
tion matrices, we generate edge-aware attention feature maps to highlight the edges and key
regions of insulators. For the student model, the calculation method is as follows:

f&

norm

=0(GsXR,) ©)

where o is the sigmoid function. Similarly, for the teacher model, the calculation method is as
follows:
]:t

norm

= U(G[ XR[) (6)

We combine global context information with inter-channel correlation. The generated
attention map reflects the importance of different regions in the image for insulator edge
detection.

To focus more precisely on the edge details of insulators and improve model performance,
we design a new feature-guided attention module called Feature Indicator Attention (FIA).
We use M € RP*HXW o represent the feature map obtained from the above process. Whether
it is the feature map of the student model or the teacher model, it is uniformly represented
by M when entering this module. This ensures clear logic and universality in the calculation
process. Next, we explain the calculation process of the FIA module and its role in improving
model performance.

First, calculate the channel attention A_:

A, = Frsa (max (0, Fix (Mgap))) (7)

Here, first perform global average pooling M(,,, on M in the spatial dimension, then pro-
cess it through a 1 X 1 convolutional layer Fy;, and introduce nonlinearity through the
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ReLU [37] activation function. Then, calculate the spatial attention A;:

As = Fsxs ([MZ?MP’ SGAPD (8)

This process first performs global max pooling Mg, and global average pooling Mg, ,p
on M in the channel dimension, then concatenates them and processes them through a 5 X
5 convolutional layer Fsys. After that, adjust the channel dimension, first reduce the channel

dimension from D to % (p= %) and then restore it to D, and fuse them to obtain the coarse

attention map A, € [RDXHXW.,

Acoa = Ac + Ag (9)

Then refine it through a channel shuffle operation CS(-) and a group convolutional layer
G Fsxs (with D groups), and finally normalize it through a sigmoid operation o to obtain the
final attention map A:

A=0(GFs5xs (CS([M; Acoa]))) (10)

Edge preservation index

In the model, the EPI helps the model learn more accurate edge representations. It does this
by quantifying the differences in insulator edge features between the student model and the
teacher model. This improves detection accuracy.

The attention map A generated by FAI is applied to the student and teacher feature maps.
We take the student feature map F; as an example. By multiplying the attention map A with
the student feature map F; element-by-element, we obtain the weighted student feature
map F..

F'=F.OA (11)

Then recalculate the weighted edge information. For the calculation of edge information in
weighted student feature maps, the calculation method is as follows:

5'40
™M=

S, W S w S, W S, W S, W S, W
P ]_1 |fnorm(u) HOI’WI(I 1j- 1) |fnarm(u) fnorm(l 1}) |fnarm(u) fHOVM(i_I,j+1) (12)
C N
w o_ S, W _ S, W S, W S, W
Sm - Z; z; ‘anYM(iJ) fnorm(iJ,I) ‘ff’loi’moj) fnorm(iJ+1) (13)
i=1 j=
C N
wo_ S, W _Tsw S, W S, W S, W S, W
Sy _ZZ |fnarm(,~)j) fnorm(i+1)j,1)| |fnurm(”) fnorm(iﬂ,j) |fnurm(”) fnorm(iﬂ,jﬂ) (14)

Il
—
-

I
—_

Here, s, represents the calculation of values in the lower left, left, and upper left directions,
represents the calculation of values in the directly below and directly above directions, and
represents the calculation of values in the lower right, right, and upper right directions.
Thus, the edge information calculation of the weighted student feature part is expressed as:

‘W
ﬂ’l
W
T

sV =s" +sp +s) (15)

By calculating F,,,, o 1D the same way, we can obtain t}’, t;;, and t’, and thus the edge

information calculation representation of the teacher feature part is expressed as:

=g+t +t) (16)
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The EPI for preserving edge information between student characteristics and teacher char-
acteristics is obtained by the following formula:

SW

g};i:tfw (17)

The EPI for preserving edge information between teacher characteristics and student char-
acteristics is obtained by the following formula:

t'W
w ep—
epi W (18)
In this way, combining attention guidance with edge-information preservation enhances
the model’s ability to learn and recognize insulator features. This helps the model more accu-
rately detect the status of insulators in transmission line images.

Objective function

This paper quantifies the similarity in the feature space by calculating the Euclidean distance
between the features Sp,; of the student model and the features 7e; of the teacher model. In
regression tasks, a distance is used to measure the similarity between samples. Unlike tradi-
tional distance metrics, the Euclidean distance focuses more on the distance structure of the
output.

First, we take a pair of features Sy; from the student model and 7,; from the teacher
model. We quantify their similarity by calculating the Euclidean distance between them. We
use the distance function 1 to measure the Euclidean distance between these two examples
in the output representation space.

o (T Th) = = | Tohi = Tohil2 (19)

g
)

Here, w serves as a normalization factor for the distance. To better focus on the relative
distances between other pairs, we set w as the average distance between pairs from X% in the
mini-batch:

1 ; i
W= Z Hn}i_Tépin (20)

|X2 | (X,',Xj)EXZ

During the knowledge distillation process, there may be scale differences between the
teacher distance |7, - 7;]Pl|\2 and the student distance [ S}, - Sipi | 2- This is why the mini-
batch distance normalization method is particularly crucial. By leveraging the distance poten-
tial measured in both the teacher and the student, we define a distance-potential distillation

loss L jis:

Las= Dy v (90T Th)s¥n(Skyi Shy)) (21)
(X,’,xj )ex 2

0.5(x;—yi)? if|xi - yi| <1
where v is defined as (i =1) i =i .
|x; = yi| - 0.5 otherwise

The distance distillation loss transfers the relationships between instances by penalizing the

distance differences between the output representation spaces of instances. Different from tra-
ditional KD, it focuses on encouraging the student to pay attention to the distance structure of
the output rather than directly matching the teacher’s output.
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At the same time, we draw on the KL-divergence [38] widely used in previous work for
distillation. First, we use the softmax function [39] to convert activations into probability dis-
tributions, and then minimize the asymmetric KL-divergence of the normalized activation
maps:

¢(72},-)] 22)

$(Sepi)

Here, T is a hyperparameter used to control the softness of the target, and @ is the softmax

L =T Z ¢(7ZDI) : log[
i=1

function:
exp(7j i/T)
BT) = P @3)
21 exp(T5,/T)
The loss function Ly, based on the FAI and EPI modules is obtained by the following
formula:

Lfear =y Lrar + (1= ¥)Lgprv (24)

Finally, we use the weighting factors «, 3, 4 to combine Lk, Lgiss and Ly, thus obtaining
the following overall training objective:

L=alk + BLaist + ALfear (25)

Experiments
Implementation details

The UAV-based image acquisition was conducted in publicly accessible areas along transmis-
sion lines, where no restricted or protected zones were involved. No permits were required
for this study because the fieldwork involved non-invasive observations in a public area, and
no endangered or protected species were sampled. All data collection complied with local
regulations and ethical guidelines for non-destructive research.

To verify the effectiveness and robustness of our method, we conduct experiments using
multiple detection frameworks on the collected insulator-missing dataset. We also use the
MSCOCO dataset [40] to verify the generalization of the proposed method. We follow the
standard training settings from previous research [41]. The mean average precision mAP is
used as the evaluation metric. We report the AP scores at different thresholds and scales:
APsg, AP75, APg, APy, and AP;. We compare the widely-used one-stage detector RetinaNet,
two-stage detector Faster-RCNN, and anchor-free detector RepPoints. The teacher model
uses ResNet/ResNeXt-101, while the student models use ResNet-50 and ResNet18. The cor-
responding A values are set to 4 and 2, respectively. Each model is trained using the Stochas-
tic Gradient Descent (SGD) optimization algorithm. The momentum is set to 0.9, the weight
decay to le-4, and the batch size to 2. Our implementation is based on mmdetection and
mmrazor in the PyTorch framework. The learning rate of RetinaNet is set to 0.01, while
Faster-RCNN and RepPoints have a learning rate of 0.02. The learning rate is reduced by a
factor of 10 at the 16th and 22nd epochs, and the training lasts for 24 epochs.

Main results in custom datasets

In the task of detecting missing insulators in transmission lines, the image samples in the
dataset cover scenes shot under different weather conditions, such as sunny, cloudy, rainy,
and foggy days. They also include different geographical environments, such as mountains,
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plains, and urban peripheries, as well as various angles and distances. These samples contain
many instances of normal insulators and insulators with defects such as missing parts, dam-
age, and aging. After pre-processing the image samples, they are input into different models
for training and evaluation based on the experimental settings.

We first train teacher models with deep network depths on different detectors. The results
are shown in Table 1.

The knowledge distillation strategy based on attention guidance and edge detection uses an
attention mechanism that effectively focuses on the key feature regions of insulators in com-
plex backgrounds. For example, in images with obstructions like trees and buildings, it accu-
rately identifies the contour and edge information of insulators. The edge-detection modules
enhance the ability to capture subtle changes in the edges of insulators. This allows the model
to detect minor defects on the surface of insulators caused by natural erosion or human dam-
age. The results of distillation training for different detector models on the custom dataset are
shown in Table 2.

As shown in Fig 3, we present the performance comparison before and after knowledge
extraction on a custom dataset in the form of a bar chart. We applied the trained models to
the detection task, and the visualization results are shown in Fig 4.

Main results in COCO datasets

To verify the generalization of the method we proposed, we trained our method on the
COCO dataset and compared its performance with several other knowledge distillation tech-
niques. The results are shown in Table 3.

As shown in Fig 5, we present a bar chart comparing the two-stage detectors on the COCO
dataset.

Table 1. Results obtained from pre-training different detector models on the custom dataset.

Model Backbone mAP(%) AP5() (%) AP75 (%) APm (%) AR]()() (%) AR3()0 (%) AR]o()o (%)
Faster-RCNN [42] |Resnet18 42.7 87.5 37.5 42.7 51.7 51.7 51.7
Resnet50  |46.9 89.4 44.2 46.9 55.4 55.4 55.4
Resnet101 [48.7 89.5 43.5 48.7 56.4 56.4 56.4
RetinaNet [43] Resnet18 42.7 88.1 31.2 48.7 42.7 42.7 42.7
Resnet50 54.2 92.4 58.4 54.4 61.2 61.2 61.2
Resnet101 |54.7 92.4 62.4 54.7 62.2 62.2 62.2
Reppoints [44] Resnetl8  [49.6 91.9 52.1 49.6 56.2 56.2 56.2
Resnet50 51.9 91.4 47.2 51.9 59 59 59
Resnet101 [53.8 91.2 62 53.8 59.2 59.2 59.2
ResneXt101 |54.2 90.9 58.1 54.2 60.9 60.9 60.9

https://doi.org/10.1371/journal.pone.0324524.t1001

Table 2. Results obtained from distillation training of different detector models on the custom dataset.

Model Backbone mAP(%) |APso(%) |AP75(%) |APwm(%) |Parameters |[FLOPS
Faster-RCNN [42]  |Resnet18 50.1 90.5 47.3 50.1 28.12M 140.98
Resnet50 50.4 91.0 48.7 50.4 41.53M 194.18
Resnet101 48.7 89.5 43.5 48.7 60.52M 270.25
RetinaNet [43] Resnet18 53.2 93.2 60.5 53.2 21.25M 188.74
Resnet50 54.9 93.2 62.1 54.9 37.74M 239.32
Resnet101 54.7 92.4 62.4 54.7 56.74M 315.39
Reppoints [44] Resnet18 57.3 91.8 70.1 57.3 20.11M 139.24
Resnet50 57.5 91.8 73.2 57.5 36.62M 190.25
ResneXt10 1 54.2 90.9 58.1 54.2 55.62M 266.32

https://doi.org/10.1371/journal.pone.0324524.1002
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Custom Dataset: Performance Comparison Before/After Knowledge Distillation
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Fig 3. Custom dataset comparison.

https://doi.org/10.1371/journal.pone.0324524.9g003

As shown in Fig 6, we present a multi metric comparison with the state-of-the-art method
(two-stage detector) in the form of a radar chart.

On two-stage detectors, the mean average precision (mAP) of our method reached 39.8%.
This is comparable to the best-performing baseline method. At the APs threshold, the AP
value reached 60.3%. At the AP,5 threshold, it was 43.2%. The AP scores at different scales
also increased. For small objects (APs), it was 22.1%. For medium objects (APy,), it was
44.0%. For large objects (APy), it was 52.3%. Compared with the state-of-the-art method
FKD, which has an mAP of 39.6%, our method slightly outperforms in overall mAP. It also
has a significant advantage at APs; (60.3% vs 60.0%). Although FKD has a higher score in
APy (52.7% vs 52.3%), our method shows competitive performance across all object sizes,
demonstrating a balanced improvement.

On one-stage detectors, our method shows competitive performance with an mAP of
40.4%, as shown in Table 4. At the APs, threshold, the AP value reaches 60.1%. At the AP;s
threshold, it is 43.1%. For different object scales, the APs for small objects is 24.1%, the APy
for medium objects is 45.0%, and the APy, for large objects is 54.4%. Compared with the best-
performing method PKD, which has an mAP of 40.8%, our method shows competitiveness,
especially in detecting small objects (APs: 24.1% vs 23.0%). Although PKD slightly outper-
forms in terms of overall mAP, our method performs outstandingly in specific areas, demon-
strating its robustness in different scenarios.

On anchor-free detectors, the mAP of our method is 39.2%. In comparison, the base-
line student model has an mAP of 38.6%, while the teacher model has an mAP of 44.2%. We
infer that for the key-point-based detection method, since key points are selected before fea-
ture extraction, there are fewer computable EPIs. This characteristic enables our method to
improve the distillation efficiency, yet the overall performance is still slightly inferior to some
other advanced methods.
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Fig 4. These are the detection results of the insulator detection model on the dataset. The model can relatively accurately identify and locate the missing positions
of insulators in complex backgrounds such as farmlands, water areas, and factories.

https://doi.org/10.1371/journal.pone.0324524.g004

Table 3. The result of two-stage detectors.

Model Backbone AP(%) AP50 (%) AP75 (%) APS (%) APM (%) APL (%)
FasterRCNN-Res101 (T) |R50 39.8 60.1 433 225 43.6 52.8
FasterRCNN-Res50 (S) [R50 38.4 59.0 42.0 215 42.1 52.3
Chen [45] R50 38.7 59.0 4.1 22.0 419 51.0
Heo [46] R50 38.9 60.1 42.6 21.8 42.7 50.7
Fitnet [41] R50 38.9 59.5 42.4 21.9 422 51.6
Wang [47] R50 39.1 59.8 428 222 429 51.1
FRS [48] R50 395 60.1 433 223 43.6 51.7
Mimicking [49] R50 39.6 60.1 433 22.5 428 522
FKD [50] R50 39.6 60.0 43.0 22.9 429 52.7
Song [51] R50 39.6 60.0 43.1 — — —
LD [52] R50 39.8 59.1 42.1 — — —
Ours R50 39.8 60.3 432 22.1 44.0 52.3

https://doi.org/10.1371/journal.pone.0324524.1003

Ablation study

In this section, we conduct an ablation study to comprehensively evaluate the effectiveness
of each module incorporated into our approach. This study involves an analysis of two key
aspects, and the results are presented in Table 5.

We further analyze the impact of each module on detecting different types of insula-
tor defects. When only the FIA module is present, the detection accuracy is relatively low.
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Table 4. The result of one-stage detectors.

Model Backbone |AP(%)  |APso(%) |AP75(%) |APs(%) |APy(%) |APL(%)
Retina-ResX101 (T) |R50 40.8 60.5 437 229 445 54.6
Retina-Res50 (S)  |R50 37.4 56.7 39.6 20.0 407 497
Heo [46] R50 37.8 58.3 411 216 412 483
FKD [50] R50 39.6 58.8 421 227 433 525
SKD [32] R50 39.6 58.8 42.1 227 433 52,5
FRS [48] R50 401 59.5 425 21.9 437 543
FGD [53] R50 404 59.9 433 234 447 54.1
SSIM [54] R50 40.6 59.7 437 23.6 44.8 53.9
Shu [55] R50 40.8 60.4 434 227 445 55.3
PKD [56] R50 40.8 60.3 434 23.0 45.1 54.7
Ours R50 40.4 60.1 431 24.1 45.0 54.4

https://doi.org/10.1371/journal.pone.0324524.1004

Table 5. The results of ablation studies.

Model Backbone AP(%) AP50(%) AP75 (%) APs(%) APM(%) APL(%)
Retina-ResX101 (T) R50 40.8 60.5 43.7 229 44.5 54.6
Retina-Res50 (S) R50 37.4 56.7 39.6 20.0 40.7 49.7
+FIA R50 38.3 53.7 40.7 20.6 41.6 51.7
+FIA+EPI R50 40.4 60.1 43.1 24.1 45.0 54.4

https://doi.org/10.1371/journal.pone.0324524.t005

This may be because it can focus on key areas but lacks the ability to capture edge details accu-
rately. After adding the EPI module, the detection accuracy improves significantly. This indi-
cates that the Edge-Preservation Information module is crucial for detecting minor defects.
For detecting large-area damage defects, the FIA module can quickly locate the damaged
area. However, when used alone, it may be affected by background interference. After adding
the EPI module, it can better identify the damaged edges and improve detection accuracy.
Through these analyses, we gain a deeper understanding of each module’s role in detecting
different defect types.

As shown in Fig 7, we present the effectiveness of the ablation experimental research com-
ponent in the form of a bar chart.

Conclusion

This article proposes FIEPI-KD, a novel knowledge distillation method that integrates FIA
and EPI for detecting missing insulators in transmission lines. FIEPI-KD uses a dual-path
spatial channel attention mechanism to focus on key insulator regions and quantify the edge
differences between teacher and student models. It has achieved significant improvements in
varjous detector architectures. The framework outperforms state-of-the-art distillation meth-
ods on our custom dataset and MSCOCO benchmark testing. The ablation study validated the
roles of FIA and EPI.

The combination of attention-guided feature alignment and edge-aware distillation has
created a new paradigm for knowledge transfer in object detection. In theory, FIEPI-KD
bridges the performance gap between lightweight student models and computationally inten-
sive teacher models. This provides new ideas for complex background and multi-scale object
detection. In practice, the safety monitoring of transmission lines has been improved, reduc-
ing the risk of power outages and economic losses from insulator failures.

Although progress has been made, this work lacks coverage for extreme weather condi-
tions, such as heavy snow, and ultra-small insulator defects.
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Ablation Study: Component Effectiveness
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Fig 7. The effectiveness of the ablation experimental research component.

https://doi.org/10.1371/journal.pone.0324524.g007

Future research can enhance the model’s adaptability to extreme environments. The
dataset can be expanded to include rare defects, occlusion, and adversarial conditions, such
as extreme lighting and snow. Another direction is to expand the use of FIEPI-KD for defect
detection in other power equipment.
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