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Abstract

Unmanned Aerial Vehicle (UAV)-based computer vision has emerged as a crucial approach
for transmission line defect detection. However, transmission lines contain multi-scale
components in complex environments, thereby complicating the accurate extraction of
multi-scale features and necessitating a careful balance between model complexity with
detection accuracy. This paper proposes a Transformer-based framework called Power Line
Defect Detection Transformer (PLD-DETR). To simultaneously capture shallow texture
and deep semantic information while avoiding single-path limitations, a dual-domain
selection mechanism block is designed as the backbone network, enabling collaborative
feature extraction at different levels. Subsequently, an adaptive sparse self-attention mech-
anism is introduced to dynamically adjust attention weights for improved processing of
critical feature regions, aiming to enhance attention to semantically rich regions and reduce
background interference. Finally, we construct a multi-branch auxiliary bidirectional fea-
ture pyramid network to address information loss in traditional feature fusion. It fuses
multi-scale features from four backbone layers through top-down and bottom-up bidirec-
tional information flow, significantly improving feature representation capability. While
maintaining model lightness, experimental results demonstrate that PLD-DETR achieves
2.7%, 7.01%, and 5.58% improvements in AP50, AP75, and AP50–95, respectively, compared
to the baseline model. Compared with other transmission line defect detection methods,
PLD-DETR demonstrates superior performance in both accuracy and efficiency

Keywords: transmission line defect detection; multi-scale feature fusion; object detection;
computer vision; unmanned aerial vehicle

1. Introduction
Transmission lines constitute the core infrastructure of the power system, with their

operational reliability directly determining power grid safety and stability. Establishing
efficient fault detection systems is therefore essential for ensuring power supply continuity.
Overhead transmission lines are widely used in global power systems due to their relatively
low construction cost, mature technology, and other advantages. However, overhead trans-
mission lines operate under prolonged exposure to complex and variable environmental
conditions. These systems inevitably encounter multiple deterioration factors, which can be
categorized into two primary types: intrinsic equipment defects and external disturbances.
Intrinsic defects include insulator material aging and vibration damper loosening. External
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disturbances encompass foreign object intrusions, such as bird nesting activities. Both
categories of factors can potentially trigger transmission line failures. Therefore, systematic
regular inspections enable the timely identification and mitigation of potential transmission
line hazards. This proactive approach effectively reduces the probability of failure and
minimizes the adverse impacts of equipment failure on the power system [1].

Traditional transmission line defect detection primarily relies on manual inspection.
However, some transmission lines often span extensive geographical areas. Many lines
traverse challenging terrains, including mountain ranges, forests, river valleys, and so
on. These harsh conditions create substantial operational challenges, resulting in reduced
efficiency and elevated safety risks for manual inspection. With the rapid advancement
and widespread deployment of Unmanned Aerial Vehicle (UAV) technology, UAV-based
computer vision detection has gained prominence. This technology utilizes UAVs to ac-
quire high-resolution imagery of transmission infrastructures [2]. The collected image
data is subsequently interpreted and analyzed by trained technicians. Compared with
traditional methods, UAV detection significantly improves operational efficiency and re-
duces safety risks [3]. However, this method still relies on manual image interpretation
and defect identification. Manual analysis presents inherent limitations when processing
large-scale image datasets. These limitations include reduced processing efficiency, incon-
sistent detection accuracy, and substantial inter-operator variability. Recent breakthroughs
in artificial intelligence have significantly advanced computer vision capabilities. Deep
learning algorithms demonstrate exceptional performance in object detection and image
classification tasks. Consequently, automated defect detection based on deep learning
shows substantial potential for transmission line detection applications [4]. Given the
importance and specificity of transmission grid infrastructure, these applications require
image recognition algorithms that balance detection accuracy with model efficiency. How-
ever, UAV-based transmission line inspection introduces unique challenges stemming from
the dynamic nature of aerial image acquisition. Unlike stationary ground-based cameras,
UAVs operate under continuously varying conditions that significantly impact image qual-
ity and detection difficulty. UAV altitude and flight trajectory fluctuations cause dramatic
scale variations—defects may appear as large as 200 × 200 pixels in close-range shots but
shrink to merely 10 × 10 pixels in wide-area surveillance images, creating extreme multi-
scale detection requirements. Moreover, the camera perspective shifts with UAV attitude,
causing the same defect to exhibit diverse appearances—a bird nest viewed from directly
below appears as a circular blob, whereas oblique angles reveal its three-dimensional
structure. These dynamic acquisition factors collectively result in high intra-class variance
and low inter-class separability in transmission line defect datasets. Consequently, de-
tection algorithms must possess robust multi-scale representation capability, motion-blur
resilience, and viewpoint-invariant feature learning—requirements that exceed the design
assumptions of conventional detection frameworks.

The current mainstream deep learning-based object detection algorithms can be cat-
egorized into two primary architectures: convolutional neural networks (CNNs) and
Transformer-based detection algorithms, and their variants dominate defect detection ap-
plications, typically including you-only-look-once (YOLO) series [5] and the Detection
Transformer (DETR) [6]. The YOLO-series algorithms exemplify CNN-based approaches,
with the advantages of rapid inference speed and straightforward deployment. However,
these algorithms exhibit inherent limitations in small objects detection and dense scene
processing. Although the current traditional CNN-based algorithms can address certain
detection requirements in power transmission systems, there are still deficiencies when
applied to transmission line defect detection. The limited receptive field of convolutional
operations makes it difficult to capture global structural information of long linear targets
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like transmission lines, resulting in poor detection performance for defect types that require
global context, such as insulator damage defects.

DETR eliminates components such as non-maximum suppression (NMS) and sig-
nificantly simplifies the object detection process. This design achieves end-to-end target
detection without post-processing requirements. Recently, numerous research teams have
developed specialized transmission line defect detection algorithms based on the DETR
framework [7]. Although the Transformer’s global attention mechanism can capture long-
range dependencies, it exhibits insufficient sensitivity for local feature extraction. DETR
still faces significant challenges in terms of computational resource consumption and small
object detection.

In order to address the challenges in UAV aerial photography in transmission line
detection, to conduct more in-depth research on the exploration of deeper features, and to
develop more efficient and superior performance detection methods, this paper innova-
tively developed a lightweight network detection framework for UAV aerial photography
detection: Power Line Defect Detection Transformer (PLD-DETR). The main contributions
of this paper are as follows:

(1) To enhance datasets for transmission line defect detection, this study developed
two comprehensive datasets: Common Defects of Transmission Lines Datasets
(CDTLDs) and Real Scene Transmission Lines Datasets (RSTLDs). CDTLD extends
the existing Chinese Power Line Insulator Datasets (CPLIDs) by incorporating five ad-
ditional defect categories—dropped insulator strings, damaged insulators, flashover
insulators, bird nests, and damaged vibration dampers—comprising seven categories
with 18,072 annotated instances while addressing class imbalance issues; RSTLD con-
tains 2180 high-resolution UAV images with 8930 annotations that capture complex
background interference and multi-scale target characteristics in 110 kV transmission
line environments, providing a reliable benchmark for practical algorithm evaluation.

(2) To ensure the full extraction of image features, in the backbone stage of PLD-DETR,
a dual-domain selection mechanism (DSM) block module is designed to identify
degraded regions by the spatial selection module (SSM), and strengthen important
high-frequency features by the frequency selection module (FSM). This dual-domain
approach enables efficient extraction of multi-scale image features.

(3) To address challenges in deep feature extraction, the adaptive sparse self-attention for-
mer (ASSAformer) module is designed to adaptively fuse sparse and dense attention
using a two-branch architecture, thereby promoting effective deep feature analysis
through the adaptive weight fusion mechanism.

(4) A multi-branch auxiliary bidirectional feature pyramid network (MABIFPN) is de-
signed to establish cross-scale information pathways. This architecture enables adap-
tive fusion of adjacent-scale features through learnable combination weights. The
collaborative integration of multi-scale representations enhances feature complemen-
tarity and mitigates information loss during fusion processes.

2. Related Works
2.1. CNN-Based Object Detection Method

The object detection methods based on CNN are mainly divided into two-stage and
one-stage categories: two-stage detection, represented by the Region-CNN (R-CNN) series,
first generates high recall candidate boxes through candidate region generation networks,
and then uses Region of Interest Pooling for feature alignment, classification, and bounding
box regression. Typical works include Faster R-CNN [8] and Cascade R-CNN [9], which
perform outstandingly in accuracy and scalability; one-stage detection directly completes
end-to-end prediction on dense feature maps, represented by YOLO and the Single Shot
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MultiBox Detector (SSD) [10], emphasizing speed and deployment friendliness. In recent
years, anchor-free methods (such as Fully Convolutional One-Stage Object Detection,
FCOS) [11] and dynamic sample allocation strategies have further improved robustness
and convergence, gradually approaching or even surpassing two-stage methods in accuracy.

Researchers have integrated visual recognition technology to develop automatic de-
tection methods. These approaches identify damaged insulators, foreign objects, and bolt
defects on transmission lines. Huang [12] proposed a damper corrosion recognition method
using image processing techniques, including grayscale processing and edge mapping. The
approach achieved damper segmentation and corrosion classification through threshold
segmentation and morphological processing. Wu [13] developed a bird’s nest detection
model using stripe-based features with histogram descriptors and support vector machine
(SVM) classification. Murthy [14] proposed an insulator defect detection method using
wavelet transform feature extraction and SVM classification. Zhang [15] proposed a cas-
caded R-CNN-based insulator detection algorithm. The method combines feature pyramid
network (FPN) modules and ResNeXt-101 networks with a Microsoft Common Objects in
Context pre-training strategy to improve recognition accuracy. Zhai [16] proposed a Hybrid
Knowledge R-CNN based on Faster R-CNN for detecting multiple parts in transmission
line aerial images. The method integrates spatial location and connectivity relationships
to form an integrated knowledge module that enhances visual features. This approach
significantly improves detection performance for insufficient samples and tiny fittings.
Next year, this team [17] proposed a geometric characteristic learning model and integrated
it into Faster R-CNN for shockproof hammer detection. The training set was expanded
with artificial samples to improve detection accuracy when defective samples were limited.
Liang [18] fused multiple DCNN models for faulty insulator detection using Faster R-CNN
for localization, Fully Convolutional Networks for segmentation, and GoogleNet for fault
detection. Hao [19] proposed an insulator defect detection model ID-YOLO based on
YOLOv4, which adopts a multiscale bidirectional FPN and a simple attention module
combined approach to improve the recognition accuracy of small-scale insulators. He [5]
proposed an insulator fault detection model MFI-YOLO based on the improved YOLOv8
insulator fault detection model, replacing the C2f network to achieve target extraction in
complex backgrounds, and a ResPANet was constructed as a feature fusion network. In
summary, although the contemporary algorithms based on traditional CNNs can address
some measurement or detection needs in the power transmission system, there are still
shortcomings in accuracy when applied to defect detection in transmission lines.

2.2. Transformer-Based Object Detection Methods

DETR utilizes self-attention mechanisms to capture global contextual information
and inter-object relationships, thereby streamlining the detection pipeline and improving
performance in complex environments. However, the original DETR architecture exhibits
several limitations that restrict its practical deployment. These include poor small target
detection performance, slow convergence speed, and high computational costs. These
factors hinder real-time applications in complex detection scenarios. To address these
limitations, Baidu researchers [20] proposed Real Time Detection Transformer (RT-DETR)
in 2023. RT-DETR replaces the original DETR encoder with an efficient hybrid encoder.
The Attention-Based Intra-Scale Feature Interaction (AIFI) and cross-scale fusion module
(CCFM) are used to process multi-scale features effectively.

DETR has shown strong performance across multiple public datasets. Its global
information modeling approach outperforms traditional CNN-based methods. These
improvements in both accuracy and efficiency have led researchers to explore DETR-
based algorithms for transmission line fault detection. Cheng [21] introduced DETR into



Electronics 2025, 14, 4107 5 of 26

insulator defect detection and applied transfer learning techniques to address DETR’s
large dataset requirements, while incorporating an improved loss function to enhance
small object detection performance. This approach enables direct defect detection from
UAV images without prior insulator localization, achieving competitive performance with
reduced training data collection costs. Cheng [22] proposed an Adapter-Enhanced Insulator
Detection Transformer, AdIn-DETR. This method combined Gaussian saliency guidance
for convolutional feature modulation with looking-forward ability to refract the learned
relational modeling of the decoder layers, making it more competitive on small-scale
datasets. Zhang [23] designed a detection method for bolts on transmission lines with PA-
DETR, which achieves higher accuracy by combining positional knowledge and attribute
knowledge. Wang [24] proposed a TLI-DETR detection method for insulators, vibration
hammers, and arcs. The model introduces edge semantic information through momentum
comparison, which improves the model’s ability to extract features from small targets.
Li [25] proposed a DETR-based multi-scale defective insulator detection method, which
proposes a multi-scale backbone network that effectively captures features of small objects
and introduces a self-attentive up-sampling module. Li [26] proposed LMFC-DETR, a
lightweight Detection Transformer architecture for real-time foreign object detection on
power lines, incorporating multi-scale feature fusion modules and attention mechanisms
to reduce computational burden while enhancing detection capabilities. In summary,
compared to traditional CNN detection algorithms, DETR-based detection algorithms
can further enhance detection accuracy. However, achieving a balance between accuracy
and computational overhead remains a significant challenge for UAV-based transmission
line detection.

3. Methods
3.1. Overview of RTDETR-R18 Model

In order to ensure the lightness of the Transformer-based object detection algorithm,
the lightest of the RT-DETR models with the R18 framework, as shown in Figure 1, was
adopted to develop PLD-DETR. RT-DETR mainly consists of three parts, namely the
backbone, encoder, and decoder. The backbone part of RTDETR-R18 uses ResNet-18,
where the convolution–normalization–activation layer (CNL) is the basic feature extraction
module. Block is a residual block of ResNet-18 to achieve deep feature learning. The
encoder part builds a class of feature pyramids by reparameterization convolution (RepC3),
AIFI attention fusion, and CCFM cross-scale channel mixing. FPN’s feature pyramid
enhances fine-grained feature representation; the decoder part uses learnable queries to
interact with encoder features to generate detection results.

3.2. The Overall Architecture of PLD-DETR

Since RTDETR-R18 uses ResNet-18 as a backbone, which has low computational
complexity, it is not able to effectively capture complex and detailed image features. When
dealing with high-complexity scenes or small object detection, the performance is inferior,
especially in the ability of fine-grained feature representation, which limits its application in
high-precision requirement tasks. Therefore, we propose the PLD-DETR, which redesigns
the model structure of the backbone and the Transformer Encoder while maintaining model
lightweighting, as shown in Figure 2.
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Figure 1. RTDETR-R18 structural framework.

Figure 2. Overall design framework of PLD-DETR.
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3.2.1. DSM Block

Backbone is the core part of the target detection network. Its main function is to extract
the feature information of the target from images. Herein, the DSM block module was
the most important feature extraction module. Inspired by reference [27], the DSM block
module introduces the dual domain selection mechanism, as shown in Figure 3, which is
designed to allow the network to focus on the important regions in the image instead of
blindly processing the whole image. Algorithm 1 presents the pseudocode of the DSM.

Algorithm 1. Pseudocode flow of the DSM

Input: x ∈ Rˆ(B,C,H,W) # Input tensor with batch size B, channels C, height H, width W
Output: out ∈ Rˆ(B,C,H,W) # Output tensor after processing
1: Initialize:

(a) Spatial Gate: Low-frequency extraction
(b) Local Attention: High-frequency refinement
(c) Parameters a, b for output fusion

2: Low-Frequency Extraction using Equation (2)
(a)Pooling to reduce resolution (low-pass filter)
(b)Convolution to capture low-frequency features

3: High-Frequency Extraction using Equation (3)
(a)Depthwise convolution for high-frequency features
(b)Additional depthwise convolution for refinement

4: Apply local attention to enhance high-frequency details
5: Fuse attention-enhanced features with original input
6: Return the fused output
7: end

 

Figure 3. DSM structure.
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The DSM consists of an SSM and an FSM. The input feature is reshaped to
F ∈ RH×W×C, where H, W, and C denote the height, width, and number ofchannels, respec-
tively. The successive adoption of SSM and FSM can be expressed as

F̂ = FSM(SSM(F)) (1)

where SSM compresses the channel dimensions through average pooling and maximum
pooling operations, performs channel separation transformations using deep convolution,
generates channel-specific representations, and identifies severely degraded spatial loca-
tions in the image. Given an intermediate feature map F, we first squeeze F along the
channel dimension by two types of pooling techniques, i.e., maximal pooling and average
pooling, and then generate a generic feature map through a convolutional layer, which can
be represented as

F′ = Conv3([AvgPool(F), MaxPool(F)]) (2)

where Conv3 represents the convolution operation with a kernel size of 3.
Since each channel has a different degradation pattern, a channel representation is

further generated by performing a channel-separation transform on the input feature F
through deep convolution, and then modulating the resulting feature with F. The process
is represented as follows:

Fs = DWConvs5,7(F)⊗ Tile(F′) + DWConv3(F) (3)

where DWConvs5,7 represent the cascaded depth-wise convolution operations with kernel
sizes of 5 and 7, ⊗ indicates an element-wise multiplication.

The degraded/clear images generally have similar low-frequency components while
differing in high frequencies; thus, the real differences region between the input/clear
image pairs are emphasized by removing the lowest frequencies through the FSM and
emphasizing the high-frequency information (details such as edges, textures, etc.). Thus, a
mean filter is first applied to FS to generate low-frequency features, and then, complemen-
tary high-frequency features are obtained by subtracting the resulting low-frequency signal
from the input, which is represented as

F′
s = Fs − Broadcast(Mean(Fs)) (4)

The mean filter is implemented by channel global mean pooling. The final output of
the FSM and SSM is generated using element-by-element multiplication between F′

S and FS

residual concatenation, which is denoted as

F̂ = F′
s ⊗ Fs + Fs (5)

The main function of this mechanism is to simultaneously select and optimize features
in both spatial and channel domains, identifying important regions in the image through
the spatial attention mechanism, and selecting the most discriminative feature channels
through the channel attention mechanism. This dual-domain synergy is able to more
accurately locate the target and enhance the expression of the relevant features. At the
same time, the background noise and extraneous information are suppressed, so that the
computational efficiency is maintained. This significantly improves feature quality and
target detection performance, especially in multi-target detection tasks in complex scenes.

Unlike the traditional RTDETR-R18 network, which feeds the last three layers of
features to the encoder layer, our backbone design inputs all the features extracted from
all the block layers with different depths to the encoder layer, which is mainly to achieve
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the full fusion and utilization of multi-scale features. Compared with the traditional RT-
DETR, this design is able to capture both shallow detailed texture information and deep
semantic features, and adaptively fuse different levels of feature representations through
the attention mechanism of the Transformer Encoder, avoiding the loss of information in
the middle layer, and providing richer multiscale feature representations. The method can
obtain a better performance in the areas of small target detection, large target recognition,
and complex scene understanding, while improving the gradient flow and the overall
detection accuracy.

3.2.2. ASSAformer

The Transformer Encoder of PLD-DETR is the core module of image feature processing,
which mainly includes the ASSAformer module and the MABIFPN feature fusion network.
AIFI is the attention mechanism module of the traditional RT-DETR, but there are certain
shortcomings in information processing and adaptive ability, which cannot fully analyze the
deep feature information of the images. To solve this problem, inspired by reference [28],
the ASSAformer module was designed herein, which introduces the ASSA to further
enhance its capability in adaptive feature selection to improve the accuracy, as shown in
Figure 4. Algorithm 2 presents the pseudocode of the ASSA.

Algorithm 2. Pseudocode flow of the ASSA

Input: x ∈ Rˆ(B, H, W, C) # Input tensor with batch size B, height H, width W,
channels C
mask (optional): Mask tensor
Output: out ∈ Rˆ(B, H×W, C) # Output tensor after adaptive sparse attention
1: Initialize:

(a) Normalize: Layer Normalize
(b) Attention layers: WindowAttention_sparse (for sparse) and Window Attention

(for dense)
2: Flatten the input and apply normalization
3: Attention Masks (optional):
4: if mask is provided:
5: Generate attention masks using the input mask
6: else:
7: attn_mask = None
8: Compute attention using sparse and dense branches
9: if sparseAtt == True:
10: Compute sparse attention using Equation (8)
11: else:
12: sparse = None
13: Compute dense attention using Equation (9)
14: Compute attention weights using softmax to ensure α1 + α2 = 1
15: Combine sparse and dense attention matrices using Equation (10)
16: Apply the final layer of normalization and return output using Equation (12)
17: end

Given the input feature map X ∈ RH×W×C, it is first split into M × M windows, and
the query matrix Q, key matrix K, and value matrix V are generated as follows:

Q = XWQ, K = XWK, V = XWV (6)
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where WQ, WK, WV ∈ RC×d are learnable parameters. The attention matrix A is computed
as the dot product of the query and key, scaled by

√
d, and offset by a bias term B:

A = f (QKT/
√

d + B)V (7)

where f represents a nonlinear activation function.

 

Figure 4. ASSAformer structure.

The dense self-attention (DSA) is computed using the standard softmax activation
function to normalize the attention matrix.

DSA = So f tmax(QKT/
√

d + B) (8)

Sparse self-attention (SSA) uses a squared ReLU activation layer to emphasize impor-
tant high-frequency information and suppress negative scores.

SSA = ReLU2(QKT/
√

d + B) (9)

SSA helps to remove irrelevant features during feature aggregation. ASSA combines
sparse and dense self-attention using adaptive weighting. The weighted combination is
computed as

A = (α1 · SSA + α2 · DSA)V (10)

where α1 and α2 are learnable weight coefficients.
Layer normalization is applied to both the sparse branch and the dense branch.
The weight coefficients are normalized using softmax to ensure they sum to 1:

ωn =
ean

N
∑

i=1
eai

, n = {1, 2} (11)

where an represents the activation values associated with the weights.
Finally, the output feature map is obtained by projecting the weighted features using

the project layer, with a residual connection to ensure gradient flow:

X′ = Project(A) + X (12)

Through these steps, the ASSA mechanism effectively combines the advantages of
sparse and dense attention, enhancing feature representation, especially in image recon-
struction or other feature learning tasks. The extracted features are designed with two-path
residual connection after the ASSA module, which realizes spatial semantic alignment and
attention guidance through ASSA preprocessing, reorganizes the original features into a
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representation suitable for attention computation, and then goes through the multi-head
attention mechanism for refinement, captures the relationship between the features and
establishes the long-distance dependency from multiple perspectives, and finally carries
out residual connection and layer normalization to ensure stable propagation of gradient by
Add&Norm. Connection and layer normalization through Add&Norm ensure stable gradi-
ent propagation; then, the information through ASSA directly connects to the Add&Norm
layer as a bypass connection design, which directly transmits the basic semantic informa-
tion processed by ASSA, thereby avoiding over-modification in multi-head attention and
providing additional gradient propagation paths to achieve a balance between original
semantic protection and computational efficiency. This dual fusion strategy synergistically
fuses the information of two paths in the Add operation: path one provides high-quality
features processed by refined attention, and path two provides coarse-grained features that
preserve the original semantics. The two paths are complementarily enhanced to realize
the multi-level feature representation combining coarseness and fineness, and the network
is able to adaptively learn how to balance the contribution weights of the two paths in
different situations, so as to maintain the powerful modeling capability of the Transformer
while ensuring the training stability through double residual connectivity, and enhancing
the feature richness and model robustness.

The feed-forward neural network layer converts the linear attention mechanism to
complex feature modeling through a nonlinear activation function, performs position-
by-position feature enhancement, and learns deep nonlinear combinatorial relationships.
The second Add&Norm ensures effective gradient back propagation and training stability
based on the double residual mechanism, and the layer normalization ensures the stability
of feature distribution and accelerates the convergence. The architecture realizes a complete
feature processing chain from linear global modeling to nonlinear local enhancement,
maximizing the feature expression ability of the Transformer.

3.2.3. MABIFPN

Inspired by reference [29], the design logic of the MABIFPN feature fusion network
proposed in this study is rooted in the mechanistic optimization of the traditional FPN. As
a classic architecture for processing multi-scale features in computer vision, the traditional
FPN, as shown in Figure 5a, achieves the enhancement of the feature characterization ability
at different levels by constructing bottom-up feature transfer modules (block1 and block2)
and top-down feature enhancement modules (block3 and block4) of the path aggregation
net, thus optimizing the comprehensive representation of multi-scale information in images.
From the perspective of feature hierarchy, the multi-scale hierarchical architecture of FPN
can systematically handle feature maps with different resolutions: low-level features
usually contain fine-grained spatial details such as edges and textures, while high-level
features are enriched with abstract semantic features such as target categories and global
context, and the organic combination of the two provides multi-dimensional information
support for subsequent visual tasks. However, the feature propagation path of traditional
FPN is characterized by unidirectionality, and there is a lack of bi-directional interaction
mechanism between cross-scale features, which leads to the failure of fully exploiting the
complementary nature of features at different levels, and significantly restricts the feature
expression ability in complex scenarios (e.g., drastic changes in the target scale and severe
background interference), in which the outputs of the block1 in FPN are as follows:

block1′ = S4 + UP(S5) (13)
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Figure 5. (a) Path aggregation of FPN (PAFPN) and (b) MABIFPN structures. PS, PM, and PL

represent the detection layers for small, medium, and large targets, respectively.

In contrast, MABIFPN introduces a finer scale alignment mechanism in the feature
fusion process. The up-sampling and down-sampling operations identified by the red
dashed line in Figure 5b are essential to achieve up-sampling by interpolation to improve
the spatial resolution of the feature map or down-sampling by pooling to reduce the
dimensionality, so as to ensure that the features of different hierarchical levels are consistent
in terms of the spatial dimension. Specifically, the network scales the feature maps of
S2, S3, and S4 levels and the output features of block3 and block4, and then implements
multidimensional fusion with the feature information of block1 and block2, which not only
guarantees the spatial consistency of the cross-scale features, but also realizes the deep
integration of the fine-grained details of the image and the abstract semantic information
through the hierarchical progression of information transfer. The output of feature fusion
in Block1 is as follows:

block1′′ = f usion(Down(S3), S4, Up( f usion(S4, S5)), Up(block3)) (14)

Specifically, the fusion function performs fusion through weighted summation. More
precisely, it employs a trainable weight vector (fusion_weight) to weight features at different
scales. The fusion process is illustrated in pseudocode as shown in Algorithm 3:

Algorithm 3. Pseudocode flow of the fusion

Input: x = [x1, x2, . . ., xk] # List of input feature maps, where k is the number of input
feature maps
Output: out # The fused feature map
1: Initialize: fusion_weight: learnable weights for each input feature map, initialized
to ones
2: Apply ReLU activation to fusion weights:
3: Normalize fusion weights:
4: Normalize weights so that their sum equals 1
5: for i in range(len(x)):
6: Multiply each input feature map by its corresponding weight
7: Sum the weighted feature maps to obtain the fused output using Equation (16)
8: end

1. Weight Learning
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The model learns the weights for each feature map through training. Let these weights
be denoted as w1, w2, w3, . . . , wn, which are passed through a ReLU activation function and
subsequently normalized. The normalized weights w′

1, w′
2, w′

3, . . . , w′
n satisfy

w′
i =

ReLU(wi)
N
∑

i=1
ReLU(wi)

(15)

where w′
1 represents the normalized weight, ensuring that the sum of all weights equals 1.

2. Weight Fusion

Subsequently, the feature maps w1, w2, w3, . . . , wn are fused through weighted sum-
mation, specifically when

x f usion =
N

∑
i=1

w′
i · xi (16)

where x f usion denotes the fused output feature map, representing the result of weighted
summation across features at different scales.

Through the bidirectional feature fusion mechanism characterized by the purple line
in Figure 5b, MABIFPN constructs two paths to form a closed-loop feature interaction
link, including a semantic guidance path from the high level to the low level and a detail
enhancement path from the low level to the high level, which effectively overcomes the
problem of feature information attenuation and loss caused by unidirectional propagation
in the traditional FPN. MABIFPN adopts lightweight depth-separable convolution as
the feature conversion unit, together with the adaptive weighted fusion strategy that
dynamically assigns weights based on feature importance, which significantly improves
the network’s ability to capture key features and overall expression performance while
controlling the computational complexity and parameter scale.

Ultimately, through the weighted fusion of features at different levels, MABIFPN
is able to generate comprehensive feature representations with both fine-grained spatial
details and high-level semantic information, which provides richer feature support for
downstream tasks such as target detection and thus effectively improves the accuracy of
target recognition and the robustness of the model in complex environments.

3.3. Decoder

The PLD-DETR decoder prediction header is based on the RT-DETR architecture and
aims to generate the final prediction results for object detection by interacting the query
vectors with the contextual features output by the encoder. In this model, the decoder
employs a multi-layer self-attention mechanism with a cross-attention mechanism to step-
by-step process the input feature representations, capture the global contextual information,
and combine it with progressively updated query vectors to refine the target detection.
At each layer of the decoding process, each query vector interacts with the encoder’s
features to enhance the contextual dependency of the features through the self-attention
mechanism. The decoder outputs include the probability distribution of the target category
corresponding to each query vector and the positional regression results of the target
bounding box. The decoder design enables the model to adapt to different image contents
by flexibly and dynamically adjusting the query vectors, and achieves efficient target
detection during the end-to-end training process.
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4. Experiment
4.1. Datasets

CPLID represents the primary public dataset for research on transmission line inspec-
tion. However, CPLID exhibits several limitations for practical applications. Most images
have undergone data augmentation through flipping, cropping, and other preprocessing
techniques. Additionally, the dataset contains only one insulator class as the detection
object, which significantly differs from real-world aerial inspection scenarios. To address
these limitations, this paper enhances the data of CPLID by incorporating additional cat-
egories of defects on its basis to produce the CDTLD. The UAV aerial images of 110 kV
overhead transmission lines in a province of China were collected to produce the RSTLD.
Data collection was conducted using a DJI Matrice 350 RTK UAV equipped with a DJI Zen-
muse H20 camera payload (Shenzhen Dajiang Innovation Technology Co., Ltd., Shenzhen,
China). The Matrice 350 RTK platform provides compatibility with various third-party
imaging systems for aerial data acquisition.

4.1.1. CDTLD

The CDTLD extends the original CPLID by incorporating additional common trans-
mission line defects, including dropped insulator string, insulator breakage, insulator
flashover, bird nests, and vibration damper defects. The enhanced dataset comprises seven
categories of objects: normal insulators (9365 cases), flashover defect insulators (2391 cases),
damaged insulators (1045 cases), dropped string insulators (893 cases), normal dampers
(2469 cases), damaged dampers (2431 cases), and bird nests (478 cases). The dataset is split
into a training set and a test set at a ratio of 8:2. Data augmentation techniques contain
a sufficient number of defective samples and address class imbalance and long-tail dis-
tribution issues while ensuring sufficient defective samples for robust training. Figure 6
illustrates the CDTLD composition and distribution.

 

Figure 6. CDTLD dataset, (a) damaged insulator, (b) insulator dropped string, (c) flashover defect
insulators, (d) bird nests, (e) complex background environment, (f) damaged damper.

4.1.2. RSTLD

The dataset comprises 2180 high-resolution images (4864 × 3648 pixels) acquired
through UAV aerial photography of 110 kV overhead transmission lines in China. The
dataset comprises seven categories of objects: normal insulators (3968 cases), normal
composite insulators (2500 cases) [30], flashover defect insulators (42 cases), powdering
composite insulators (61 cases), dampers (2049 cases), damaged dampers (18 cases), and
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bird nests (292 cases). This composition effectively simulates the complex background
interference and multi-scale target coexistence characteristics encountered in real-world
scenarios. The training set, validation set, and test set are divided according to a ratio of
7:2:1. As real-world UAV inspection imagery is used, this dataset provides a reliable bench-
mark for evaluating algorithm performance in practical applications. Figure 7 illustrates
the RSTLD composition and distribution.

 

Figure 7. RSTLD dataset, (a) normal insulator, (b) flashover defect insulators, (c) normal composite
insulators, (d) normal composite insulators, (e) normal dampers and damaged dampers, (f) bird nests.

4.2. Experimental Setup

A linear warm-up strategy was used to optimize the learning rate, which ended up
with 0.0002. In addition, the loss function was optimized using the AdamW optimizer
with a weight decay of 0.0001 over 200 epochs. All the experiments were implemented in
PyTorch and carried out on an RTX4090 GPU (NVIDIA, Taiwan). Table 1 illustrates the
experimental setting.

Table 1. Experimental Setting.

Experimental Environment Configuration Information

GPU NVIDIA RTX 4090
Running System Ubuntu 22.04.3

Experiment language Python 3.9
CUDA 11.8

PyTorch 1.12.0

4.3. Evaluation Indicators

To evaluate the performance of the model in terms of accuracy and efficiency, this
paper employs accuracy performance indicators and computational effectiveness indicators.
The accuracy indicators include precision (P), recall (R), and average precision (AP). The
computational efficacy indicators include Floating Point Operations (FLOPs) and model
parameters. The formulas for these indicators are as follows:

P =
TP

TP + FP
(17)

R =
TP

TP + FN
(18)
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AP =
∫ 1

0
P(R)dR (19)

mAP =

i=n
∑

i=0
AP

n
(20)

where TP, FP, and FN represent true positives, false positives, and false negatives, re-
spectively. P represents the proportion of true positives among predicted positive cases.
R represents the proportion of correctly predicted positive cases among all actual positive
cases. AP is calculated as the area under the precision-recall curve, while mAP is the mean
of AP values across all classes. AP50 represents the mAP at an Intersection over Union
(IoU) threshold of 0.50, AP75 represents the mAP at an IoU threshold of 0.75, and AP50–95

is the average precision across IoU thresholds ranging from 0.50 to 0.95 in increments of
0.05. FLOPs refer to the number of Floating Point Operations required per forward pass,
indicating the model complexity. Parameter refers to the total number of parameters of
the network.

4.4. Result

The experiments are conducted on collected CPLIDs and RSTLDs. To validate the
effectiveness of the PLD-DETR in the common defects detection of transmission lines, we
compared the performance of PLD-DETR with representative two-stage models, one-stage
models, and Transformer-based models, including Faster RCNN, Cascade RCNN, Libra
RCNN, FCOS, YOLOv8-v11, Conditional-DETR, Dab-DETR, and RT-DETR. Due to the
different architectures of different target detection algorithms, some algorithms may not
achieve optimal results when using a uniform set of hyperparameters. Therefore, the
default parameters preset in the MMDetection framework, which represent well-tuned,
community-optimized configurations for each specific architecture, were used to train
various networks until all networks converged completely, which meant that the detection
accuracy could not improve further, as shown in Table 2. The hyperparameter settings
(e.g., optimizer and learning rate) for the different object detection algorithms are described
in detail in Table 2, where SGD denotes stochastic gradient descent and AdamW denotes
adaptive moment estimation weight decay regulation. This architecture-specific training
strategy ensures that each baseline method achieves its optimal performance, providing a
fair and rigorous evaluation of the proposed PLD-DETR.

Table 2. Hyperparameter settings for different object detection algorithms.

Method Optimizer Learning Rate Momentum Weight_Decay

Two-Stage
Detector

Faster RCNN SGD 0.02 0.9 0.0001
Cascade RCNN SGD 0.02 0.9 0.0001

Libra RCNN SGD 0.02 0.9 0.0001

Single-Stage
Detector

FCOS SGD 0.02 0.9 0.0001
YOLOv8m SGD 0.01 0.9 0.0005
YOLOv9m SGD 0.01 0.9 0.0005
YOLOv10b SGD 0.01 0.9 0.0005
YOLOv11l SGD 0.01 0.9 0.0005

Transformer
Detector

RT-DETR AdamW 0.0001 0.9 0.0001
Conditional-DETR AdamW 0.0001 0.9 0.0001

Dab-DETR AdamW 0.0001 0.9 0.0001

Detector
Proposed

in This Paper
PLD-DETR SGD 0.01 0.9 0.0005
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Tables 3 and 4 present the performance of each detection algorithm on the two datasets,
respectively. Due to varying model sizes across different object detection algorithms, larger
models typically contain more parameters, which may perform better in terms of accuracy,
while incurring higher computational costs as well. To ensure that the performance of
each model can be fairly evaluated, similar versions of target detection algorithms with
similar parameter counts were selected for comparison. The experiments demonstrate
that PLD-DETR achieves the highest in terms of AP50, AP75, and AP50–95 values, while
maintaining competitive computational efficiency with the second-lowest parameter count
(only 2.1 M parameters higher than YOLOv10b) and second-lowest FLOPs (only 2.4 higher
than RT-DETR). Additionally, we conducted two separate independent experiments, during
which the AP value error typically fluctuated within the normal range of the 10−3 order of
magnitude. This did not affect the overall performance results. These results indicate that
the proposed algorithm effectively balances accuracy and computational complexity.

Table 3. Performance on the CDTLD dataset.

Detection Algorithms AP50 (↑) AP75 (↑) AP50–95 (↑) Parameters (↓) FLOPs (↓)

Faster RCNN 0.860 0.691 0.610 41.745 M 90.9 G
Cascade RCNN 0.853 0.710 0.615 69.395 M 119.0 G

Libra RCNN 0.861 0.711 0.612 41.637 M 92.7 G
FCOS 0.861 0.679 0.591 32.127 M 78.6 G

YOLOv8m 0.833 0.655 0.586 25.844 M 78.7 G
YOLOv9m 0.843 0.683 0.596 20.018 M 76.5 G
YOLOv10b 0.819 0.628 0.577 19.010 M 91.6 G
YOLOv11l 0.850 0.663 0.593 25.285 M 86.6 G

Conditional-DETR 0.751 0.426 0.423 43.450 M 95.9 G
Dab-DETR 0.910 0.727 0.635 43.703 M 86.9 G
RT-DETR 0.886 0.713 0.627 19.881 M 57.0 G

PLD-DETR 0.910 0.763 0.662 21.123 M 59.4 G
The arrow indicates that this parameter ideally reaches a larger or smaller value. The bold numbers indicate that
this model achieved the best results in all the comparison experiments under this parameter.

Table 4. Performance on the RSTLD dataset.

Detection Algorithms AP50 (↑) AP75 (↑) AP50–95 (↑) Parameters (↓) FLOPs (↓)

Faster RCNN 0.500 0.286 0.282 41.745 M 90.9 G
Cascade RCNN 0.507 0.311 0.293 69.395 M 119 G

Libra RCNN 0.518 0.313 0.294 41.637 M 92.7 G
FCOS 0.535 0.284 0.255 32.127 M 78.6 G

YOLOv8m 0.556 0.341 0.332 25.844 M 78.7 G
YOLOv9m 0.586 0.380 0.354 20.018 M 76.5 G
YOLOv10b 0.513 0.319 0.310 19.010 M 91.6 G
YOLOv11l 0.591 0.360 0.344 25.285 M 86.6 G

Conditional-DETR 0.549 0.304 0.285 43.450 M 95.9 G
Dab-DETR 0.569 0.317 0.314 43.703 M 86.9 G
RT-DETR 0.623 0.406 0.387 19.881 M 57.0 G

PLD-DETR 0.651 0.422 0.401 21.123 M 59.4 G
The arrow indicates that this parameter ideally reaches a larger or smaller value. The bold numbers indicate that
this model achieved the best results in all the comparison experiments under this parameter.

The proposed PLD-DETR demonstrates superior accuracy compared to the YOLO-
series models. Although the DETR series models achieve higher values in AP50, they obtain
lower values in AP50–95. This result indicates that these DETR-based models detect more
defects but with reduced localization precision. Specifically, detected defects are considered
to be successfully predicted at an IoU threshold of 50, but fail at a higher IoU threshold.
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The superior performance of the YOLO-series models in AP50–95 suggests a better balance
between defect detection and localization accuracy. Compared to RT-DETR, PLD-DETR
requires only 1.3 M additional parameters and 2.4 GFLOPs more computational cost, while
achieving improvements of 2.4%, 5.0%, and 3.5% in AP50, AP75, and AP50–95, respectively.

Experimental results based on both CDTLDs and RSTLDs demonstrate that the pro-
posed PLD-DETR algorithm achieves a superior object detection performance breakthrough
in target detection accuracy. On the CDTLD dataset, the algorithm achieves optimal per-
formance in all evaluation indicators: AP50 reaches 0.910, AP75 reaches 0.763, and AP50–95

reaches 0.662, which, respectively, improve 3.6% and 2.7% in AP75 and AP50–95 compared
to the suboptimal algorithm Dab-DETR. On the RSTLD dataset, the advantage of PLD-
DETR is even more significant. AP50, AP75, and AP50–95 reached 0.651, 0.422, and 0.401,
respectively, and substantial gains of 10.2%, 17.2%, and 16.6% compared to YOLOv11,
representing significant performance improvements of 4.5%, 3.9% and 3.6% compared
to the suboptimal algorithm (RT-DETR), and substantial performance improvement of
10.2% 17.2% and 16.6% compared to the optimal YOLO-series algorithm (YOLOv11). These
results demonstrate the effectiveness of the proposed multi-branch fusion mechanism and
adaptive spatial semantic aggregation attention module for complex detection scenarios.

From the perspective of computational efficiency and model complexity, the PLD-
DETR algorithm demonstrates superior parameter utilization efficiency and practical bal-
ance. This algorithm achieves optimal detection performance with only 21.123 M parameters
and 59.4 GFLOPs. On the CDTLD dataset, PLD-DETR achieves parameter reductions of
49.3% compared to the best-performing RCNN-series model Libra RCNN (41.637 M), 16.5%
compared to the best-performing YOLO-series model YOLOv11 (25.285 M), and 51.6%
compared to the best-performing DETR-series model Dab-DETR (43.703 M). Additionally,
the computational complexity is significantly lower than that of most of the high-precision
detection algorithms, reflecting the efficiency of the proposed object detection model. Fur-
thermore, the algorithm achieves consistent optimal performance on two datasets with
distinct characteristics, indicating that the multi-scale feature fusion strategy of MABIFPN
and the attention mechanism of the ASSA module have strong generalization ability and ro-
bustness. This provides an effective solution for UAV-based object detection tasks requiring
high accuracy, high efficiency, and strong adaptability.

To substantiate the computational efficiency of our proposed method, we con-
ducted comprehensive runtime evaluations across both high-performance and resource-
constrained platforms. The experimental results are summarized as follows.

High-Performance Platform: On an NVIDIA RTX 4090 GPU, our model achieves an
inference speed of 190 frames per second (FPS) at an input resolution of 640 × 640 pixels
with a batch size of 1, demonstrating exceptional computational efficiency on desktop-
class hardware.

Embedded Platform: To validate the practical deployability of our lightweight archi-
tecture, we further deployed the model on the NVIDIA Jetson Orin Nano Super Developer
Kit, a resource-constrained embedded platform representative of edge computing scenar-
ios. The model achieves an inference latency of 42.5 ms (corresponding to 23.5 FPS) at
a resolution of 384 × 384 pixels with a batch size of 1. This real-time performance on
edge devices confirms the viability of our design for practical deployment in resource-
limited environments.

4.5. Visualization Result

PLD-DETR has been able to avoid many errors and performs well in detecting small
targets. Figure 8a,b show the effect of PLD-DETR in insulator defect detection, which shows
that the network architecture can accurately detect insulator defects in the background of
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complex environments, such as bright light, electric field, etc., and, in particular, Figure 8c
can accurately identify the traces of flashing that are difficult to notice by the naked eye.

 

Figure 8. (a) Insulator dropped string, (b) insulator damaged, (c) insulator flashover.

In terms of bird nest recognition and damper recognition, Figure 9 demonstrates the
detection performance of the network. Figure 9a shows that the network can accurately
identify not only the bird’s nest with a large size, but also the damper away from the
bird’s nest, which demonstrates the accurate identification ability of features with different
depths. Figure 9b shows the network architecture that accurately identifies the defects of
the damper.

 

Figure 9. (a) Bird nest identification, (b) damper defect identification.

To provide an intuitive comparison of the algorithm performance, the YOLO-series
algorithms with superior accuracy and RT-DETR were selected for visualization comparison
with the proposed algorithm, PLD-DETR. As shown in Figures 10 and 11, the proposed
algorithm demonstrates a significant advantage over the YOLO-series algorithms and RT-
DETR algorithm in detecting insulators and bird nests with reduced miss detection and false
positives. Figure 10 presents a challenging scenario with low-light late-afternoon conditions
and bird interference, where the insulators overlapping with the utility pole are difficult
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to detect. In this case, while YOLO-series algorithms can effectively detect the insulators
parallel to the transmission lines and some utility pole-background cases, they fail to
identify all insulator targets. RT-DETR exhibits high false positive rates in this complex
background environment, which incorrectly identifies some non-target areas, such as birds
and connectors, as insulator targets. At the same time, there are omissions in the detection
of real insulator targets overlapping with utility pole, and the detection frame localization
accuracy is insufficient. In contrast, the proposed PLD-DETR successfully detects all
insulators without false detection, effectively suppresses the background interference,
significantly reduces the false-positive detection rate, improves the target recall rate, and
achieves more accurate bounding box localization.

 

Figure 10. Insulator inspection visualization results (YOLOv8, YOLOv9, YOLOv10, YOLOv11,
RT-DETR, ours).

Figure 11 presents that YOLO-series algorithms unstable detection performance: the
YOLOv8 algorithm achieves low confidence (0.36), and the YOLOv11 algorithm fails
to detect the bird’s nest entirely. Comparatively speaking, the proposed PLD-DETR al-
gorithm attains the highest confidence of 0.83, representing an 8% improvement over
RT-DETR. Although the confidence level is the same as that of YOLOv9, the proposed
algorithm demonstrates superior bounding box localization accuracy in the complex back-
ground environment. Quantitative analysis of the experimental results confirms that the
proposed algorithm in this paper maintains higher detection accuracy while exhibiting
enhanced robustness and generalization capability across varying camera angles and
lighting conditions.

4.6. Ablation Experiments

To demonstrate the effectiveness of each module used in this paper, a series of ablation
experiments was conducted on the CDTLD, as shown in Table 5. The ablation experiments
validate the effectiveness of the three proposed modules and their synergistic interactions.
Based on the baseline model (AP50 = 0.886, AP75 = 0.713, and AP50–95 = 0.627), each module
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demonstrates distinct performance contributions. The MABIFPN module achieves the
most significant performance enhancement when applied individually, improving AP50 by
1.9% to 0.905, AP75 by 4.1% to 0.754, and AP50–95 by 2.6% to 0.653, validating its feature
representation enhancement. The DSM block module excels in high-precision detection
tasks, achieving a 2.9% improvement in AP75 when used independently, demonstrating its
feature representation enhancement capabilities. The ASSA module, although relatively
limited in effect independently, produces significant synergies when combined with the
other modules. When the three modules are fully integrated, the proposed algorithm
reaches the optimal performance (AP50 = 0.91, AP75 = 0.763, and AP50–95 = 0.662), which
improves by 2.4%, 5.0%, and 3.5%, respectively, compared with the baseline model. This
result demonstrates the effectiveness of the multi-module synergistic design.

 

Figure 11. Bird nest inspection visualization results (YOLOv8, YOLOv9, YOLOv10, YOLOv11,
RT-DETR, PLD-DETR).

Table 5. Results of ablation experiment.

ASSA DSM Block MABIFPN AP50 AP75 AP50–95 Parameters GFLOPs

0.886 0.713 0.627 19.881 M 57.0√
0.889 0.717 0.633 20.718 M 57.8√
0.888 0.742 0.649 20.054 M 58.0√
0.905 0.754 0.653 20.113 M 57.5√ √
0.888 0.729 0.633 20.891 M 58.9√ √
0.901 0.767 0.658 20.951 M 58.4√ √
0.903 0.764 0.658 20.286 M 58.5√ √ √
0.910 0.763 0.662 21.123 M 59.4

As shown in Figure 12, the heat map analysis of the insulator reveals that the original
RT-DETR model exhibits dispersed attention with extensive coverage and significant false
detections. Progressive integration of ASSAformer, MABIFPN, and DSM block modules
demonstrates gradually concentrated attention on insulator targets, with MABIFPN and
DSM block providing major improvements, consistent with the quantitative results in
Table 5. Single-module configurations still exhibit false positives. However, single-module
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configurations still exhibit false positives. Dual-module combinations successfully elimi-
nated the previous false detections. Complete integration of all three modules achieves the
most focused attention on insulator strings with minimal background interference.

 

Figure 12. Heat map of insulator string detection: (a) RT-DETR, (b) ASSAformer, (c) MABIFPN,
(d) DSM block, (e) ASSAformer + DSM block, (f) ASSAformer + MABIFPN, (g) MABIFPN + DSM
block, (h) PLD-DETR.

As shown in Figure 13, the heat map analysis of the damper reveals similar patterns
to insulator detection. The original RT-DETR model exhibits incomplete coverage of the
damper body and false detections in the complex background environment. Integration
of the single module demonstrates progressively concentrated attention on the damper
target. Complete integration of all three modules achieves the most focused attention while
attaining the highest confidence level of 0.96.

 

Figure 13. Heat map of damper detection: (a) RT-DETR, (b) ASSAformer, (c) MABIFPN, (d) DSM
block, (e) ASSAformer + DSM block, (f) ASSAformer + MABIFPN, (g) MABIFPN + DSM block,
(h) PLD-DETR.

As shown in Figure 14, the heat map for bird nest detection illustrates that all models
misidentified the background metal plate in the lower right corner as a bird’s nest. We
attribute this misdetection to inherent perceptual ambiguity stemming from the visual
congruence between metal plates and bird nests in both geometric structure and surface
texture. The original RT-DETR model did not cover the bird nest and had a misdetection
confidence level of 0.52. However, when the AIFI module is improved to ASSAformer,
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the network enhances the adaptive feature extraction capability as well as the recognition
capability, and successfully reduces the confidence level of the metal plate misidentified as
a bird’s nest in the lower right corner to 0.21. At the same time, the DSM block module
enhances the depth of the feature extraction, and the MABIFPN module enhances the
feature processing capability. However, both modules resulted in increased confidence
levels for false positives in the lower right corner, alongside the emergence of additional
misclassifications. This demonstrates that while improvements to individual modules can
enhance detection accuracy to some extent, the heat map reveals that false positives may
still occur for features at different scales, indicating instability.

 

Figure 14. Heat map of bird nest detection: (a) RT-DETR, (b) ASSAformer, (c) MABIFPN, (d) DSM
block, (e) ASSAformer + DSM block, (f) ASSAformer + MABIFPN, (g) MABIFPN + DSM block,
(h) PLD-DETR.

Changing the ablation experiments of the two modules, the confidence of both AS-
SAformer and MABIFPN-based networks in the lower right corner misdetection reached
the lowest 0.21, which further proves the feature recognition ability of the ASSA and the
significant improvement of the synergy with other modules. Finally, in the PLD-DETR
with all three modules improved, the lower confidence in misdetection and the highest
confidence in bird nest detection are achieved. Moreover, the distribution of the heat map
is also more concentrated on the features in comparison with other experiments, proving
the ability of the network and the effect of synergy of the three modules.

5. Discussion
Our experimental results indicate that the PLD-DETR model significantly improves the

accuracy of power transmission line defect detection while ensuring model lightweighting.
The ablation experiment confirmed the effectiveness of components such as the DSM block,
ASSAformer module, and MABIFPN architecture. When these three modules (DSM block,
ASSAformer, and MABIFPN) are fully integrated, the PLD-DETR model exhibits excellent
detection performance. Compared with the single module configuration, the dual module
combination effectively eliminates the previous false detection, and the integration of
all three modules achieves the most focused attention distribution on the target (such as
insulator, damper, bird’s nest, etc.), with the minimum background interference. Through
the collaborative action of various modules, PLD-DETR not only improves the detection
accuracy of targets but also effectively reduces false positives, achieving efficient target
detection in complex backgrounds.

In future research, we intend to pursue further optimization of our model in sev-
eral key directions. First, although PLD-DETR improves the accuracy and robustness
of target detection through its innovative design, the model is still susceptible to inter-
ference in some extreme cases. Specifically, when targets exhibit low contrast against
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backgrounds or experience significant obstruction by other objects, the model may produce
false predictions or suffer from missed detections. Moreover, environmental and opera-
tional variabilities—such as varying lighting conditions, adverse weather (fog, rain), and
temperature-induced image quality degradation—may further influence detection reliabil-
ity in real-world power line inspection scenarios. These challenges are analogous to the
baseline compensation and environmental adaptation problems systematically reviewed in
other monitoring domains [31], where operational conditions introduce systematic vari-
ations affecting system performance. Therefore, we propose to specifically collect and
annotate challenging cases with low contrast and high obstruction for future training. This
approach will be combined with multimodal feature fusion incorporating RGB, depth, and
infrared information to address this issue [32].

In addition, the DETR series has some shortcomings in hardware compatibility com-
pared to the YOLO series. Although the number of parameters and computational com-
plexity of some DETR models may be lower than those of the YOLO series, their operating
efficiency on certain hardware devices is not ideal. Therefore, in order to improve its adapt-
ability and real-time inference performance in different hardware environments, technical
means such as model pruning and knowledge distillation can be used to further optimize
the model structure and computational efficiency [33], thereby improving its detection
performance and real-time performance in practical applications.

6. Conclusions
In this paper, we propose a lightweight Transformer-based detection model, PLD-

DETR, for common defects in transmission lines. The double selection mechanism of the
DSM block in the model makes the network more focused on processing important regions
in the image, which can better eliminate the influence of the background complexity in the
real inspection image; ASSAformer can effectively extract the deeper features that are rich
in semantic information, and the MABIFPN feature fusion network can effectively solve the
problem of feature loss. While maintaining low model complexity, PLD-DETR can achieve
excellent detection performance in the common defect detection task of transmission lines
in two datasets. Future research should focus on lightweight deployment of the model to
improve the processing speed and efficiency of the model to detect transmission line faults
faster and ensure the safe operation of the power grid.
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ASSAformer Adaptive Sparse Self-Attention Former
CCFM Cross-Scale Fusion Module
CDTLDs Common Defects of Transmission Lines Datasets
CNNs Convolutional Neural Networks
CPLIDs Chinese Power Line Insulator Datasets
DETR Detection Transformer
DSA Dense Self-Attention
DSM Dual-Domain Selection Mechanism
FCOS Fully Convolutional One-Stage
FLOPs Floating Point Operations
FPN Feature Pyramid Network
FPSs Frames Per Second
FSM Frequency Selection Module
MABIFPN Multi-branch Auxiliary Bidirectional Feature Pyramid Network
NMS Non-Maximum Suppression
P Precision
PAFPN Path Aggregation FPN
PLD-DETR Power Line Defect Detection Transformer
R Recall
R-CNN Region-CNN
RSTLDs Real Scene Transmission Lines Datasets
RT-DETR Real Time Detection Transformer
SSA Sparse Self-Attention
SSD Single Shot MultiBox Detector
SSM Spatial Selection Module
UAV Unmanned Aerial Vehicle
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