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ABSTRACT: Small object detection is a common and challenging task in transmission line inspection scenarios. Exist-
ing one-stage and two-stage object detection methods in this scenario are still constrained by extremely small object
scale and limited feature representation capability, resulting in suboptimal performance in small object detection. To
address these issues, this paper proposes a Cost-Sensitive Transformer-based Network for small object detection. First,
a Transformer-based backbone is designed, coupled with a neck that integrates Feature Pyramid and Path Aggregation
structures, enabling enhanced multi-scale feature extraction and fusion. Second, a hybrid-domain attention-based
decoupled detection head is proposed, where an independent localization confidence branch enhances bounding
box precision for small objects and reduces missed detections. Third, a cost-sensitive loss is designed to mitigate
multi-dimensional imbalance in small object detection tasks. Extensive experiments are conducted on a proprietary
transmission line inspection dataset and the COCO benchmark. The proposed method achieves a mean Average
Precision (mAP) of 92.7% on the proprietary dataset, outperforming the state-of-the-art by 0.7%, and attains an APS
of 35.9% on COCO, showing a significant improvement over the baseline. These results demonstrate the effectiveness
and generalization capability of the proposed method for small object detection in transmission line inspection tasks.

KEYWORDS: Small object detection; transformer; cost-sensitive learning; transmission line inspection

1 Introduction

Object detection is a fundamental task in computer vision, aiming to accurately recognize and localize
objects in images or videos [I]. Despite significant advances in deep learning, small object detection
remains challenging due to weak feature representation, strict localization requirements, and severe class
imbalance, resulting in substantial performance degradation [2]. Nevertheless, small object detection plays
an indispensable role in critical applications such as public security surveillance [3], industrial precision
inspection [4], medical image analysis [5], and defense-related remote sensing [6], highlighting its significant

research value.

In transmission line inspection scenarios, the challenge of small object detection is particularly
prominent. Common defects such as insulator damage, missing vibration dampers, and bird nests may lead
to severe consequences, including line faults and even large-scale power outages. However, these defects
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typically occupy only a very small number of pixels in inspection images. Therefore, accurate detection of
such small defects is of critical importance for ensuring the safety and reliability of power infrastructure.

Existing methods for small defects detection in power transmission line can be broadly categorized into
one-stage, two-stage, and emerging Transformer-based methods. One-stage detectors prioritize efficiency,
while two-stage detectors improve localization via region proposals; however, both remain limited in small
object scenarios. Transformer-based methods provide an effective alternative by leveraging self-attention
mechanisms to capture global representations and cross-region dependencies that are difficult to obtain
using conventional local feature extraction schemes. However, their direct application to transmission
line inspection is still suboptimal, as small defects often exhibit weak feature responses and are easily
overwhelmed by dominant background clutter in highly imbalanced scenes.

To overcome the aforementioned challenges, we develop a Cost-Sensitive Transformer-based Network
for Small Defect Detection (CSTD). The major contributions of this study are summarized as follows:

(1) To address the challenge of limited information in small defects, a Transformer-based backbone is
introduced to enhance discriminative feature extraction. Meanwhile, the Feature Pyramid Network (FPN)
and Path Aggregation Network (PAN) are employed for multi-scale feature fusion, improving the interaction
between fine-grained details and semantic context.

(2) To alleviate the sensitivity of small objects to localization errors, a decoupled detection head based on
a hybrid-domain attention mechanism is designed. In addition, an independent localization confidence
prediction branch is introduced to improve bounding box localization accuracy and reduce missed and false
detections of small objects.

(3) To address the imbalance between foreground and background samples as well as the uneven distribution
of objects at different scales, a cost-sensitive loss function is proposed to guide the model to focus more on
small-object regions, thereby improving the detection performance of small-scale defect targets.

(4) Extensive experiments are conducted on a proprietary transmission line inspection dataset and the
public COCO dataset. Specifically, the proposed method achieves 92.7% mAP on the inspection dataset,
outperforming existing state-of-the-art methods by 0.7%. On the COCO dataset, the proposed method
achieves an APS of 35.9%, showing a significant improvement over the baseline model.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 describes
the proposed method in detail. Section 4 presents the experimental settings and result analysis. Section 6
concludes the paper with discussion and conclusions.

2 Related Works

This section reviews related work on general object detection methods, covering conventional two-
stage and one-stage detectors, followed by a discussion of recent developments in transmission line
defect detection.

2.1 Two-Stage Object Detection Methods

Two-stage detectors typically adopt a proposal-based detection paradigm, where potential object
regions are first generated and subsequently refined through region-wise feature extraction and prediction.
Based on this framework, the final object categories and bounding boxes are obtained through classification
and regression operations [7]. Representative methods include Faster R-CNN [8], Mask R-CNN [9],
Cascade R-CNN [10], ViT-FRCNN [11], and Dynamic R-CNN [12]. Sparse R-CNN [13] further introduces
a sparse detection paradigm with learnable proposals and dynamic convolution, improving both efficiency
and accuracy.
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By explicitly separating foreground and background through region proposals, two-stage methods
mitigate class imbalance to some extent [14]. However, the decoupled proposal generation and per-region
processing lead to redundant feature computation, resulting in higher model complexity and slower
inference.

2.2 One-Stage Object Detection Methods

One-stage detectors directly perform object localization and classification from feature representations
in a unified manner, avoiding the intermediate proposal generation process. Representative methods include
the YOLO series [15], SSD [16], RetinaNet [14], and FCOS [17], as well as recent variants such as Focus
DETR [18] and Salience DETR [19].

Recent advances in Transformer-based architectures have further expanded one-stage detection
paradigms. DETR [20] introduces an end-to-end framework that eliminates post-processing steps such as
NMS, thereby simplifying the detection pipeline. Swin Transformer [21] enhances representation capacity
while maintaining efficiency through a hierarchical design and shifted window mechanism. DINO [22]
improves DETR by incorporating denoising training, hybrid query initialization, and a two-stage optimiza-
tion strategy, significantly boosting performance. DRFNet [23] introduces a dynamic receptive field module
that mimics adaptive visual perception, integrating global and local information to improve small object
detection. Recent studies [24] have demonstrated that hybrid CNN-Transformer architectures can effectively
combine local representation and global dependency modeling. Tian et al. [25] verified its effectiveness
in image denoising by integrating CNN-based features with Transformer-based long-range dependencies.
In general, one-stage detectors provide advantages in terms of computational efficiency and deployment
simplicity. Nevertheless, their detection performance may still degrade when facing challenging scenarios
involving small targets, complex backgrounds, and limited visual information.

2.3 Defect Detection for Transmission Line Inspection

With the increasing adoption of UAV inspection and intelligent maintenance technologies in power
systems, vision-based transmission line defect detection has received growing research interest. Existing
approaches mainly focus on addressing challenges such as complex environmental interference, small defect
scales, and real-time deployment requirements.

For instance, Xu and Tang proposed MAP-YOLOVS [26] for insulator defect detection, which improves
feature fusion in the neck network and introduces attention mechanisms, achieving enhanced accuracy
while maintaining real-time performance and model compactness. Yang et al. proposed STDISNet [27]
based on Swin Transformer for UAV-based transmission line inspection, by incorporating hierarchical multi-
scale modeling and a lightweight feature fusion module, the method achieves strong robustness under
occlusion, cluttered backgrounds, and low-contrast conditions. To further improve real-time performance
and deployment efficiency, More and Bansode proposed FCN-YOLOS [28], which integrates the strong
feature representation capability of Faster R-CNN with the high-speed inference of YOLOVS, and employs
neural architecture search (NAS) for balanced hyperparameter optimization, achieving a trade-oft between
accuracy and efficiency. In addition, Conv-DDLSTM [29] introduces model compression strategies including
pruning, quantization, and knowledge distillation, significantly reducing computational cost and energy con-
sumption while maintaining competitive detection performance, making it suitable for resource-constrained
edge devices.
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3 Method
3.1 Overall Architecture

Small defect detection in transmission line inspection remains challenging due to the extremely small
object scale, limited discriminative features, and severe data imbalance. Small defects usually occupy only a
few pixels in inspection images, making their feature representations vulnerable to information loss during
deep feature extraction. Meanwhile, significant imbalance among positive and negative samples as well
as objects of different scales prevents conventional loss functions from adequately focusing on difficult
small-object samples. To address these challenges, this paper proposes a Cost-Sensitive Transformer-based
Network for Small Defect Detection. The proposed framework improves small object detection from three
complementary perspectives: feature representation, detection head design, and optimization objective.

Fig. lillustrates the overall architecture of the proposed CSTD model. Swin-T is adopted as the backbone
network for feature extraction. The window attention mechanism enhances local detail representation for
small objects, while the shifted window strategy facilitates cross-window contextual interaction, thereby
improving small-object feature modeling capability. In the neck, an FPN and PAN-based structure is
designed for multi-scale feature fusion. Its fundamental building blocks include several key convolutional
modules which are derived from the YOLO series [30]. These modules facilitate hierarchical feature fusion
and improve the representation capability of small defects. Specifically, Convolution-Batch Normalization-
SiLU (CBS) serves as the basic convolutional unit for feature extraction and nonlinear representation;
Efficient Layer Aggregation Network (ELAN) enhances multi-level feature aggregation; Max Pooling (MP)
enlarges the receptive field by downsampling; and Spatial Pyramid Pooling (SPP) captures multi-scale
contextual information through spatial pyramid pooling. Finally, three detection heads are constructed on
multi-scale feature maps for objects of different sizes. High-resolution feature maps preserve richer detail
information and help reduce missed detections of small objects.

Prediction
Head

e

Lincar Embedding | LN | MLP ]»EP.

Figure 1: Overall architecture of the CSTD model. The Swin Transformer Block (STB), including Layer Normalization
(LN), Multilayer Perceptron (MLP), Window-based Multi-Head Self-Attention (W-MSA), and Shifted Window-based
Multi-Head Self-Attention (SW-MSA), is adopted from the Swin Transformer architecture [21]. Copyright 2021 IEEE.
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The data flow of the proposed framework can be summarized as follows. Given an input image, multi-
scale features are first extracted by the Transformer backbone and subsequently fused through the neck
network. The fused features are then fed into the decoupled detection head for classification, localization,
and localization confidence prediction. Finally, the proposed cost-sensitive loss function jointly optimizes
the entire network for accurate small defect detection in transmission line inspection scenarios.

It should be noted that although Transformer-based backbones exhibit superior feature representation
capability due to the self-attention mechanism, the proposed method differs from DETR-style frameworks
that formulate object detection as a sequence-to-sequence learning task. Instead, traditional detection
components, including anchor-based mechanisms, one-to-many label assignment, multi-scale feature map
detection, and proposal generation, are retained. These strategies effectively enhance localization and
classification performance, particularly for small-object detection. The main contributions of this work lie in
the proposed Hybrid-Domain Attention Decoupled Detection Head and the Cost-Sensitive Loss Function,
which are described in detail in Sections 3.2 and 3.3, respectively.

3.2 Decoupled Detection Head with Hybrid-Domain Attention

A decoupled detection head based on a hybrid-domain attention mechanism is designed, as illustrated
in Fig. 2. Each detection head consists of three decoupled branches for object classification, bounding
box regression, and localization confidence prediction, respectively. An additional localization confidence
branch is introduced to improve bounding box localization accuracy and reduce missed detections of small
objects [31]. Furthermore, a hybrid-domain attention mechanism is incorporated into the detection head to
enhance contextual feature representation around target regions, enabling the model to focus adaptively on
informative regions and discriminative features.

—->[ AvgPool I Conv I ReLu I Conv F@*@E}—v
Lcls

Prediction Spatial Attention Module:
Head Regression
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Channel Attention Module:
Classificati
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Figure 2: The decoupled detection head.

Specifically, the Channel Attention Module (CAM) first applies global average pooling to the input
feature map to generate a 1 x 1 x C channel descriptor. Two convolution layers are then employed to
learn channel attention weights, followed by Sigmoid normalization. The resulting attention features are
fused with the input features through a long skip connection to produce the CAM output. The Spatial
Attention Module (SAM) performs global average pooling and global max pooling on the input feature map
to generate two H x W x 1 spatial descriptors. The spatial attention weights are learned through convolution
operations and normalized using a Sigmoid function. The generated spatial attention features are then
fused with the input features via a long skip connection to obtain the SAM output. The hybrid-domain
attention mechanism effectively optimizes attention allocation and guides the network to focus on more
informative features, thereby improving small-object detection performance. The CAM and SAM modules
are adopted from standard attention designs and are used as feature refinement components rather than
novel architectural contributions.
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3.3 Cost-Sensitive Loss Function

A cost-sensitive loss function is designed for the proposed CSTD model to improve localization
accuracy and alleviate multi-dimensional imbalance in small-object detection. In addition, an enhanced
localization confidence loss is introduced to reduce missed detections of small objects. The overall loss
function consists of three components: regression loss L, g, classification loss L5, and confidence loss L, 5.

Loss = /lboereg +AcrsLers + /\ohchonf ey

Here, A4,, denotes the weight of the regression loss, A.;; denotes the weight of the classification loss,
and A, ; denotes the weight of the confidence loss.

3.3.1 Regression Loss

The bounding box regression loss adopts the CloU loss [32], which jointly considers overlap ratio, center
distance, and aspect ratio consistency between predicted and ground-truth boxes. It provides comprehensive
bounding box optimization and is particularly effective for small-object localization.

reg(P g) =1-1ToU(p, g) + —5=~ P08 (P g) av (2)

where IoU(p, g) denotes the intersection-over-union between the predicted box and ground-truth box,
p(p, g) represents the Euclidean distance between their center points, and ¢ is the diagonal length of the
minimum enclosing box. The aspect ratio penalty term is defined as

2
4 w w
9= arctan —> — arctan —2 (3)
n? hg hy,
and the balancing coeflicient is

9
“1-IoU(p,g) + 9

(4)
where £ e and denote the aspect ratios of the ground-truth box and predicted box, respectively.

3.3.2 Classification Loss

Based on Focal Loss [14], a cost-sensitive factor is introduced to increase the contribution of small
objects during optimization. The classification loss is formulated as

1 N
cls = N Z QDi(l_Pyi)ylog(Pyi) (5)

where y is the focusing parameter of Focal Loss (typically set to 2), y; denotes the ground-truth class index,
(py,) is the predicted probability of class y;, and N is the number of objects.

The cost-sensitive factor is defined as:

-1
(,,.:1+[1+exp(ﬁ— C””“ge)] (6)
#Cgi
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where Cpy44. denotes the diagonal length of the input image, and C,, represents the diagonal length of the
ground-truth box for object i. y and f are hyperparameters, typically set to 5 and 4, respectively. The value
of ¢; lies in (1, 2).

By design, the cost-sensitive factor assigns larger weights to smaller objects, thereby increasing the
penalty for misclassification of small targets and improving detection performance in small-object scenarios.

3.3.3 Confidence Loss

To further improve the confidence prediction branch, a cost-sensitive confidence loss is introduced
to enhance the model’s sensitivity to small-scale objects, reduce missed detections, and improve overall
detection performance. Based on the standard binary cross-entropy confidence loss, a cost-sensitive factor
is incorporated to increase the response of the model to small-object predictions, thereby mitigating false
negatives for small targets.

The confidence loss is formulated as:

Lconf:_¢i [)/ilog(Pz')+(1_)’i)10g(1_Pi)] 7)

where y; € {0,1} denotes the ground-truth label, with y; =1 indicating the presence of an object in the
predicted bounding box and y; = 0 otherwise. p; € (0,1) represents the predicted objectness confidence
score, and ¢; is the cost-sensitive factor.

4 Experiment Setting
4.1 Dataset

To validate the effectiveness and generalization capability of the proposed CSTD for small-object defect
detection in transmission line inspection scenarios, experiments were conducted on both a transmission line
inspection dataset and the public COCO [33] dataset. The transmission line inspection dataset contains 800
images covering three representative defect categories: insulator self-shattering defects, bird-nest foreign-
object defects, and vibration damper detachment defects. Following the object-scale definition strategy of
the COCO dataset and considering the characteristics of transmission line inspection images, objects with
pixel areas smaller than 0.5% of the image area are defined as small objects, objects larger than 2% are defined
as large objects, and the remaining objects are categorized as medium objects. The datasat distribution is
presented in Table 1. Among all annotated objects, 973 are small-scale targets, accounting for approximately
75% of the dataset, indicating a significant small-object distribution characteristic. The dataset is divided into
training and testing sets with a ratio of 8:2.

Table 1: Distribution of the transmission line inspection dataset.

Defect Categories Insulator Bird-Nest Vibration Damper Total
Small objects 42 132 799 973
Medium objects 49 82 85 216
Large objects 17 84 0 101

Total 108 298 884 1290
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4.2 Evaluation Metrics

Considering the differences between the transmission line inspection dataset and the large-scale generic
COCO dataset in terms of dataset scale, task characteristics, and evaluation objectives, different evaluation
protocols are adopted in this study. For the COCO dataset, the official evaluation protocol of the dataset
is adopted, including metrics such as AP, AP50, AP75, APS, APM, and APL [33]. For the transmission
line inspection dataset, due to its relatively small scale and task-specific defect detection characteristics, the
average precision (AP) under a fixed IoU threshold of 0.5 is employed as the primary evaluation metric for
different categories and object scales, thereby providing a more intuitive assessment of the model’s detection
performance and small-object recognition capability in practical engineering scenarios. APy;,, AP, 3, and
AP, denote the detection performance for bird-nest, vibration damper, and insulator classes, respectively.
Mean Average Precision (mAP) is used to evaluate the overall detection performance across all categories.
Furthermore, considering the dominance of small objects in the transmission line inspection dataset, scale-
specific metrics APs, APy, and AP are introduced to evaluate detection performance for small, medium,
and large objects, respectively.

All reported results are obtained using 5-fold cross-validation, and the final performance is calculated

as the average over all folds.

4.3 Experimental Environment

All experiments were conducted on an NVIDIA GeForce RTX 3060 Ti GPU with 8 GB of memory.
The GPU features a memory clock of 14 GHz and a 256-bit memory interface. The system is equipped with
an Intel Core i7-12700K CPU and 32 GB of RAM, running on Windows 10. The model was implemented
using the PyTorch framework. PyCharm was adopted as the integrated development environment (IDE),
and Python was used as the primary programming language.

4.4 Hyperparameter Settings

In the experimental setup, the loss function weights 150, Ac15, and Aoy are set to 2,1, and 1, respectively.
The model is trained for 36 epochs using the AdamW optimizer with an initial learning rate of 0.0001, a
weight decay of 0.05, and a batch size of 16. Furthermore, the hyperparameters y and f3 are optimized through
parameter searches, with the results presented in Fig. 3a, b, respectively.
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Figure 3: Results of hyperparameter tuning.
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Hyperparameter u. To investigate the effect of the hyperparameter y on model performance, y is set
to 0, 5, 10, 15, and 20, respectively, and evaluated using the mAP and APg metrics. The results are shown
in Fig. 3a. As p increases, the detection performance first improves and then declines. When y = 5, both mAP
and APy achieve their optimal values, indicating the best balance between overall detection performance
and small-object detection capability. Therefore, y is finally set to 5.

Hyperparameter . To investigate the effect of the hyperparameter f on model performance, 8 is
set to 0, 2, 4, 6, 8, and 10, respectively, and evaluated using the mAP and APgs metrics. The results are
shown in Fig. 3b. As f8 increases, the detection performance also exhibits a trend of first increasing and then
decreasing. When f8 = 4, both mAP and APg reach their maximum values, demonstrating the best trade-off
between overall detection performance and small-object detection capability. Therefore, S is finally set to 4.

4.5 Training and Implementation Details

Data Augmentation Strategy. To mitigate overfitting caused by the limited size of the training dataset,
an online data augmentation strategy is adopted in this study. Specifically, the proposed augmentation
pipeline includes random horizontal flipping (with a probability of 0.5), color jittering (including random
variations in brightness, contrast, and saturation), random scaling, and Mosaic augmentation (with a
probability of 0.5). Furthermore, all augmented images are resized to 640 x 640 using the Letterbox
strategy to ensure consistent input resolution and stable matching between multi-scale detection heads and
anchor boxes.

Transfer Learning Strategy. Specifically, the proposed CSTD model is first pre-trained on the PASCAL
VOC2012 dataset. During pre-training, the input resolution follows the same resizing strategy as data
augmentation, while maintaining a uniform batch-wise scale with a batch size of 16. The model is trained
for 20 epochs with an initial learning rate of 1 x 107>, After pre-training, the detection head is modified to
match the number of categories in the power line defect dataset. The backbone network is frozen, while the
classification layers are randomly initialized. The model is then fine-tuned on the target dataset for 36 epochs
with a reduced learning rate of 1 x 107%,

Label Assignment Strategy. An anchor-based one-to-many label assignment strategy is adopted in this
work. All input images are resized to 640 x 640 using the Letterbox strategy to ensure geometric consistency.
The detection head operates on three feature scales with strides of 8, 16, and 32, respectively. Each scale is
assigned three anchor boxes, resulting in a total of nine anchors. The anchor configurations are defined as:
(10, 13), (16, 32), (17, 42), (38, 62), (61, 33), (57, 101), (116, 101), (122, 137), (178, 185), which are obtained via
K-means clustering on the annotated bounding boxes of the power line defect dataset. During the first five
epochs, a fixed IoU threshold of 0.5 is used for positive sample assignment. After the warm-up stage, an
ATSS-inspired dynamic matching strategy is introduced.

5 Experiments

5.1 Ablation Experiments

Three groups of ablation experiments are conducted to evaluate the effectiveness of different compo-
nents in the proposed CSTD model.

To investigate the influence of backbone networks, ResNet50, VGG, and Darknet53 are adopted as
feature extraction backbones within the CSTD framework and compared with the complete CSTD model.
The results are presented in Table 2. Compared with the baseline backbone networks, the adopted backbone
improves mAP, APg, APy, and AP by 7.7%, 2.6%, 3.7%, and 4.9%, respectively.
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Table 2: Ablation study of different backbone networks (%).

Methods APy;, AP, AP;,, mAP APg APy AP,
CSTD-ResNet50 74.0 86.9 98.4 86.4 83.0 88.8 96.3
CSTD-VGG 72.6 84.2 98.2 85.0 82.4 88.0 94.0
CSTD-Darknet53 80.6 90.2 98.6 89.8 83.9 90.1 98.0
CSTD (Ours) 83.3 95.9 98.8 92.7 85.0 91.7 98.9

Note: The best results are highlighted in bold, and the second-best results are underlined.

To analyze the influence of different detection heads, a hybrid-attention decoupled head, a conventional
convolution-based decoupled head, and a non-decoupled head are evaluated, as shown in Table 3. Compared
with the convolution-based decoupled head, the proposed detection head improves mAP, APg, AP, and
AP}, by 1.7%,1.9%, 2.0%, and 0.6%, respectively. Compared with the non-decoupled head, the corresponding
improvements are 1.0%, 1.1%, 1.2%, and 0.5%, respectively.

Table 3: Ablation study of different detection heads (%).

Methods APy;, AP, AP;, mAP APy APy AP;
CSTD-ConvHead 83.2 92.7 97.0 91.0 83.1 89.7 98.3
CSTD-NDHead 83.7 93.7 97.8 91.7 83.9 90.5 98.4
CSTD (Ours) 83.3 95.9 98.8 92.7 85.0 91.7 98.9

Note: The best results are highlighted in bold, and the second-best results are underlined.

The influence of different loss functions on model performance is reported in Table 4. Specifically,
CSTD - lossgycq) denotes the model using the standard Focal Loss as the classification loss, while CSTD —
losspcp denotes the model using the standard binary cross-entropy (BCE) loss as the confidence loss.
Compared with the standard Focal Loss, the proposed cost-sensitive classification loss improves mAP,
APg, APy, and AP, by 2.1%, 1.0%, 1.5%, and 0.8%, respectively. Compared with the standard BCE loss,
the proposed confidence loss improves these metrics by 1.0%, 1.3%, 1.3%, and 0.4%, respectively. These
results demonstrate that the proposed loss functions effectively enhance the overall detection performance,
particularly for small- and medium-scale objects.

Table 4: Ablation study of different loss functions (%).

Methods APy;, AP,y AP;, mAP APy APy AP
CSTD - 1osspocal 82.8 90.4 98.5 90.6 84.0 90.2 98.1
CSTD - losspck 82.9 94.9 97.4 91.7 83.7 90.4 98.5

CSTD (Ours) 83.3 95.9 98.8 92.7 85.0 91.7 98.9

Note: The best results are highlighted in bold, and the second-best results are underlined.

5.2 Comparative Experiments

The proposed CSTD model is compared with seven representative object detection methods on the
transmission line inspection dataset, and the results are presented in Table 5. As shown in Table 5, the
proposed CSTD achieves the best overall detection performance among all compared methods. Compared
with the second-best YOLOv8 model, CSTD improves mAP, APg, and AP; by 0.7%, 0.8%, and 1.3%,
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respectively. Moreover, CSTD achieves the best performance in terms of overall accuracy and small- and
large-scale object detection, as indicated by the highest values of mAP, APgs, and AP;. These results
demonstrate that the proposed CSTD model exhibits superior overall detection performance and strong
multi-scale object detection capability for transmission line defect detection tasks.

Table 5: Comparison of different object detection models on the transmission tower inspection dataset (%).

Methods APy;, AP,;, AP;,, mAP AP APy AP
Faster-RCNN 26.1 19.7 95.7 472 63.6 73.1 34.8
YOLOV3 80.0 82.9 96.3 86.4 79.8 86.1 95.2
FCOS 56.2 62.2 83.0 671 56.2 68.7 76.4
DETR 732 88.3 98.1 86.5 82.9 88.9 971
Swin 83.3 92.0 98.3 91.2 84.1 90.5 972
DINO 67.5 84.1 98.4 83.3 813 87.8 94.5
DRFNet 80.0 92.9 98.3 90.4 84.0 90.4 98.0
YOLOV5 674 8L1 97.9 82.1 81.9 82.7 90.7
YOLOVS 85.1 92.9 97.9 92.0 84.2 92.1 97.6
CSTD (Ours) 83.3 95.9 98.8 92.7 85.0 9.7 98.9

Note: The best results are highlighted in bold, and the second-best results are underlined.

Fig. 4 further illustrates the localization accuracy on an insulator instance. The top-left image shows
the original image with ground truth annotations, while the remaining subfigures present zoomed-in
comparisons between different methods and the proposed CSTD. In the visualization, green boxes denote
ground truth, red boxes denote predictions from CSTD, and blue boxes denote predictions from comparison
methods. The corresponding confidence scores are also reported in the figure.

.

Orlina I ) FCOS YOLOV3
DINO

Swin DRFNet Faster RCNN

Figure 4: Visualization of localization accuracy of different models for insulator defects in transmission line. The
confidence scores of the predicted bounding boxes generated by different methods are as follows: CSTD = 0.82,
FCOS = 0.72, YOLOv3 = 0.87, DETR = 0.78, Swin = 0.74, DINO = 0.80, DRFNet = 0.74, Faster RCNN = 0.77.

Fig. 5 presents a qualitative comparison between the proposed CSTD and several representative
methods on the transmission line inspection dataset, providing visual evidence of the model’s superiority in
reducing missed detections of small objects. According to the ground truth (GT) annotations, the original
image contains 12 vibration damper instances. As shown in the results, both CSTD and Swin achieve the best
performance on small-object detection, each missing only one object. DINO misses two objects, DETR and
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DRFNet each miss three objects, while Faster R-CNN and YOLOV3 exhibit the poorest performance, each
missing five objects. These results demonstrate the superior small-object detection capability of the proposed
CSTD model. Despite the strong performance of CSTD, failure cases still occur for extremely small and low-
contrast objects due to weak feature representation and background interference, suggesting the need for
more robust fine-grained feature enhancement in future work.

FCOS CSDT (ours)
Figure 5: Visualization of small-object detection results of different models.

Overall, the visualization results and confidence analysis indicate that CSTD achieves higher localiza-
tion accuracy and confidence levels on insulator detection, outperforming competing methods and further
validating its effectiveness.

Table 6 shows that CSTD achieves a good balance between accuracy and efficiency. It maintains
moderate parameter size and computational cost while achieving real-time inference speed (30 FPS),
outperforming most Transformer-based detectors in efficiency. Overall, the proposed method provides a
favorable trade-off between detection performance and computational complexity.

Table 6: Model complexity analysis.

Metrics Faster-RCNN  YOLOv3 FCOS DETR Swin DINO DREFNet CSTD (Ours)

Params 134M 62M 68M 137M 48M  234M 74M 55M
FPS 12 32 25 15 28 5 28 30
FLOPs 215G 155G 132G 210G 267G 284G 180G 215G

Note: The best results are highlighted in bold, and the second-best results are underlined.

5.3 Generalization Experiments

The generalization performance of the proposed method is evaluated on the COCO benchmark, and
the results are reported in Table 7.
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Table 7: Performance comparison of different object detection models on the COCO dataset (%).

Methods Epochs Backbone AP APs, APy APg APy AP;
Faster R-CNN 36 ResNet-101 42.0 62.5 45.9 25.2 45.6 54.6
YOLOV3 - Darknet-53 33.0 57.9 34.4 18.3 35.4 41.9
RetinaNet 36 ResNet-101 40.4 60.2 43.2 24.0 44.3 52.2
FCOS - ResNeXt-101 44,7 64.1 48.4 27.6 475 55.6
DETR 500 ResNet-50 43.3 63.1 459 22.5 473 61.1
DINO 12 ResNet-50 49.0 66.6 53.5 32.0 52.3 63.0
Focus DETR 12 ResNet-50 48.8 66.8 52.8 317 52.1 63.0
Salience DETR 12 ResNet-50 49.2 67.1 53.8 32.7 53.0 63.1
CSTD (Ours) 12 Swin-T 47.8 63.1 51.2 35.9 52.1 58.5

Note: The best results are highlighted in bold, and the second-best results are underlined.

As shown in the results, Salience DETR achieves the best overall performance on the COCO dataset,
with an AP of 49.2%. The proposed CSTD model yields a slightly lower overall AP, but still ranks among the
top-performing methods, demonstrating its strong generalization capability.

Notably, CSTD achieves the best performance on small-object detection, reaching the highest APs,
which improves by 3.2% over the second-best method, Salience DETR. This indicates that CSTD possesses
stronger representation and detection capability for small objects, making it particularly suitable for small-
object-dense scenarios such as transmission line inspection.

However, the overall performance of CSTD on the COCO dataset still leaves room for improvement.
The performance degradation on medium and large objects may be attributed to the limited model capacity
or its design bias toward small-object modeling, which restricts its ability to represent large-scale objects.
Future work will focus on enhancing multi-scale feature modeling to further improve the general detection
performance and adaptability of the proposed model.

6 Discussion and Conclusion

Small-object defect detection in transmission line inspection remains a challenging problem due to
weak feature representation, scale variation, and complex backgrounds. To address this issue, we propose a
Cost-Sensitive Transformer-based Detector (CSTD) with the hybrid-domain attention decoupled head and a
cost-sensitive optimization strategy. Extensive experiments on a self-built dataset and the COCO benchmark
demonstrate that the proposed method achieves consistently superior performance in small-object detection,
particularly in terms of APs. These results indicate that the proposed framework effectively enhances fine-
grained feature representation for small-scale defects in real-world inspection scenarios. However, failure
cases still occur for extremely small and low-contrast defects, where limited visual information and similarity
with dark backgrounds weaken discriminative feature extraction. Future work will focus on developing
more effective fine-grained feature enhancement and contextual modeling strategies to improve robustness
under complex inspection conditions. Overall, this work provides an effective solution for small-object defect
detection in transmission line inspection and offers insights for multi-scale object detection in complex
real-world scenarios.
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