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Abstract
To address the issue of inconsistent image quality and data scarcity in bolt defect detection for trans-

mission lines, this paper proposes an improved sparse region-based convolutional neural network (R-
CNN) based detection framework integrating image quality evaluation and text-to-image data aug-
mentation. First, a HyperNetwork-based image quality assessment module is introduced to filter low-
quality inspection images in terms of clarity and structural integrity, resulting in a high-quality train-
ing dataset. Second, a text-to-image diffusion model is utilized for sample augmentation. By desig-
ning text prompts that describe various bolt defect types under diverse lighting and viewing condi-
tions, the model automatically generates realistic synthetic samples. The generated images are fur-
ther filtered using a combination of quality and perceptual similarity metrics to ensure consistency
with the real data distribution. Building upon the sparse RCNN baseline, a dynamic label assign-
ment mechanism and a random decision path detection head are incorporated to enhance bounding
box matching and prediction accuracy. Experimental results demonstrate that the proposed method
significantly improves detection accuracy (mAP@ 0. 5) over the original sparse RCNN while main-
taining low computational cost, enabling more efficient and intelligent inspection of transmission line
components.

Key words: sparse region-based convolutional neural network, HyperNetwork, image quality
assessment, text-to-image generation, data augmentation, bolt defect detection, transmission line in-
spection

0　 Introduction

As the main artery of the entire power grid, trans-
mission lines are a crucial component of the modern
smart grid system[1] . Most transmission lines are con-
structed as overhead structures, in which bolts repre-
sent one of the most vulnerable elements. Prolonged
exposure to outdoor environments and erosion from
harsh weather conditions such as storms, rain, and
snow can lead to corrosion, loosening, or breakage of
bolts[2] . Once a bolt fails, it may result in line damage
or even large-scale power outages. Consequently, the
meticulous detection of bolt degradations and the expe-
ditious execution of maintenance interventions are cru-
cial to uphold the reliability and long-term stability of
the power grid[3] .

With the rapid advancement of artificial intelli-
gence ( AI), especially deep learning, autonomous
scrutiny of electrical transmission systems has evolved
from the detection of large-scale defects ( e. g. , bird
nests, foreign objects, insulator damages) to the rec-
ognition of small-scale structural anomalies such as bolt
and pin defects[4] . However, detecting such fine-
grained defects remains challenging due to several rea-
sons. First, inspection images collected under field
conditions often exhibit large variations in clarity,
noise, and lighting, which greatly reduce detection ro-
bustness. Second, defect samples are usually scarce
and imbalanced, limiting the model’s ability to gener-
alize. Third, conventional object detection models[5 - 6]

such as RCNN rely on one-to-one label assignment and
single prediction heads, which restrict their capacity to
capture complex visual patterns.
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To address these challenges, this paper proposes
an improved bolt defect detection framework based on
sparse RCNN, integrating HyperNetwork-based image
quality assessment and text-to-image data augmenta-
tion. Specifically, a HyperNetwork-driven quality eval-
uation model is developed to assess clarity, noise lev-
el, and brightness balance of inspection images, enab-
ling automatic filtering of low-quality samples and for-
mation of a reliable training dataset. Then, a text-to-
image generation model is employed to synthesize di-
verse and realistic defect images based on textual de-
fect descriptions, effectively enriching the dataset and
improving data balance. On top of the enhanced data-
set, an improved sparse RCNN model is constructed,
which incorporates a dynamic label assignment strategy
and a random decision path based detection head for
more accurate and robust defect localization. Empirical
evaluations substantiate that the devised framework at-
tains superior detection precision and enhanced gener-
alizability while preserving computational parsimony,
providing a reliable solution for intelligent inspection of
transmission lines.

1　 Related work

1. 1　 Image quality
During image acquisition, processing, compres-

sion, transmission, and display, various distortions are
inevitably introduced, resulting in a range of common
image quality degradations. These degradations may oc-
cur independently or jointly and can significantly affect
both visual perception and the reliability of subsequent
image analysis. Typical quality issues include blur, ex-
posure abnormalities, geometric distortion, and noise.

Blur-related degradation is usually manifested by
unclear image details and softened edges, giving the
image an overall hazy appearance. This phenomenon
may arise from inaccurate focus calibration, mechani-
cal vibration of the imaging device, prolonged exposure
duration, or insufficient depth of field. Exposure ab-
normalities, on the other hand, are characterized by
inconsistencies between the image colors and those of
the original scene, often accompanied by color cast or
abnormal saturation, which can be caused by improper
white balance settings, variations in illumination condi-
tions, sensor limitations, or excessive post-processing.
In addition, geometric distortion—particularly tilt dis-
tortion—results in warped image structures or curved
straight lines, and is typically introduced by lens im-
perfections, inappropriate shooting angles, or misalign-
ment of the camera sensor. Finally, noise degradation
manifests as random granular artifacts that degrade im-

age clarity and fine details, and is commonly observed
under low-light conditions or long exposure settings due
to sensor performance limitations.

1. 2　 Target detection
In this paper, we summarize the currently popular

target detection algorithms, which can be classified in-
to three types as follows.

(1)One-stage type.
OverFeat utilizes convolutional feature maps to pre-

dict decision values for class and localization. You only
look once (YOLO) [7] effectuates direct regression of
object delineations and categorical likelihoods by exploi-
ting spatially discretized image grids. Single shot multi-
box detector (SSD) [8 - 9] augments single-pass detection
through the integration of multi-tiered feature represen-
tations across heterogeneous spatial scales. Reti-
naNet[10] proposes focal loss to deal with foreground-
background imbalance issues. In addition, keypoint-
based one-stage detection algorithms then are studied.
CornerNet achieves heatmaps for detection in the upper-
left and lower-right corners. CenterNet utilizes a triad of
keypoints to represent additional centroids. In addition,
fully convolutional one-stage object detection (FCOS)
and adaptive training sample selection (ATSS) intro-
duce central branches for unanchored detection.

(2)Two-stage type.
The RCNN[11] family uses pooled features of their

regions to compute object scores and edges. Cascade
RCNN[12] uses sequential RCNN steps to refine the de-
tected boxes. Libra RCNN[13]addresses unbalanced train-
ing. Grid RCNN[14] introduces pixel-level grid points to
predict target locations. Stable diffusion (SD) [15] disen-
tangles categorical inference and boundary localization
from task-oriented decoupled proposals and discrimina-
tive feature embeddings. Dynamic RCNN[16] adaptively
reconfigures the intersection over union ( IoU) thresh-
olds and regression hyperparameters for label assign-
ment, thereby ameliorating detection performance.
Sparse RCNN[17] optimizes a constant ensemble of
sparsely parameterized proposal queries to generate re-
gion hypotheses.

(3)End-to-end detection algorithms.
Detection Transformer (DETR) [18] models target

detection as an ensemble prediction problem to solve.
Deformable DETR[19] introduces a sparse attention
mechanism by selectively sampling pivotal spatial ele-
ments to enhance feature aggregation efficiency.
Transformer-based set prediction ( TSP) [20] amalga-
mates FCOS and RCNN prediction heads within an
ensemble inference paradigm to expedite optimization
convergence. Further, other kinds of different deep
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learning based methods are utilized in the fields of di-
verse types of some related research topics[21-28] .

2　 Research methodology

2. 1　 The method framework
The overall architecture of the proposed improved

sparse RCNN-based detection framework is illustrated
in Fig. 1. The method integrates three major compo-
nents: a HyperNetwork-based image quality assess-
ment module, a text-to-image data augmentation mod-
ule, and the enhanced sparse RCNN detection net-
work.

Fig. 1　 General framework diagram of the overall detection method

　 　 Before model training, all collected transmission
line images are first processed by the image quality as-
sessment module. This module, implemented using an
adaptive hypernetwork, predicts the perceptual quality
of each image and filters out samples with low visual
quality or severe distortions. This step ensures that the
training dataset is composed of high-quality samples,
thereby improving the generalization and robustness of
the subsequent detection model.

To further enrich the diversity of the training sam-
ples, a text-to-image generative augmentation strategy
is introduced. Based on textual descriptions of typical
bolt defect categories, a generative model synthesizes
additional realistic defect samples. These synthetic im-
ages are mixed with the filtered real dataset to form an
augmented training set with a broader distribution of
defect appearances and environments.

The detection backbone adopts the sparse RCNN
structure, which performs ensemble prediction on a
sparse set of learnable object proposal sets. It employs
an iterative refinement paradigm to incrementally reca-
librate the detection hypotheses. Each refinement
stage ingests three principal components: the feature

pyramid network ( FPN)-derived multi-scale feature
representations, the proposal bounding boxes, and the
corresponding proposal embeddings. The outputs of
each iteration include the predicted bounding boxes,
corresponding class labels, and refined object fea-
tures. The predicted results from one stage are fed in-
to the next stage as updated proposals and features.
Sparse RCNN employs an ensemble-based loss and a
one-to-one matching strategy based on the Hungarian
algorithm to optimize detection accuracy.

Through the joint design of adaptive quality
screening, generative data augmentation, and en-
hanced detection, the proposed method effectively im-
proves the precision and stability of transmission line
bolt defect detection.

2. 2　 Dynamic label assignment strategy
Tag assignment plays an important role in target

detection algorithms. Anchor-based detection algo-
rithms usually use a certain threshold value of IoU as
the assignment criterion. For example, faster RCNN
defines anchor frames with IoU scores higher than 0. 5
as positive samples and the others as negative samples.
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One-to-one label assignment is not optimal in detection
algorithms, and the Hungarian algorithm is used in
sparse RCNN, where each true frame is matched with a
predicted frame[29] . In this paper, assigning multiple
positive samples to ground-truth (GT) can optimize the
prediction frames more effectively and facilitate the de-
tection algorithm training.

To achieve many-to-one matching, optimal trans-
port assignment (OTA) explores formulas for how pre-
diction frames are matched to real frames. The ap-
proach treats the real box as the supply side offering al-
location quotas and the prediction box as demand side
seeking allocations. The background category is corre-
spondingly modeled as a supply-side component that
delivers the intrinsic allocation baseline for unmatched
instances.

From a mathematical perspective, assume an im-
age encompasses m authentic bounding frames, each
yielding si = k discrete allocation units. Every predic-
ted frame among n candidates endeavors to secure a u-
nit, wherein a successful correspondence is regarded as
a positive assignment. The background entity contrib-
utes si = n - k × m compensatory units to fulfill un-
matched predictions, defined as negative assignments.
The optimization objective can thus be articulated as
follows.

min
π
∑
m

i = 1
∑

n

j
C( i, j) × π( i, j) (1)

∑
m

i = 1
π( i, j) = 1, ∑

n

j = 1
π( i, j) = si, ∑

m

i = 1
si = n

(2)
π( i, j) > 0, i = 1, 2, …, m; j = 1, 2, …, n

(3)

C(i, j) = Lcls(i, j) + α × Lreg(i, j), positive distribution
Lcls(Background, j), negative distribution{

(4)

where, i denotes the index of the ground-truth boun-
ding box; j represents the index of the predicted
bounding box ( j = 1, …, n);α is a weighting coeffi-
cient that balances the classification and regression
loss; the cost of each positive assignment is defined as
the sum of the classification loss Lcls and the regression
loss Lreg, whereas the cost of each negative assignment
consists solely of the classification loss;and π( i, j)
represents the optimized matching result between the
ground-truth box i and the predicted box j.

The number of units k provided by each supply
side can be fixed or dynamic. The method in this paper
dynamically estimates the k-value based on the IoU be-
tween the prediction frame and the real frame. Under

this paradigm, the foremost q IoU measurements associ-
ated with each ground-truth annotation are accumulated
to derive an empirical estimation of the k parameter.
Optimal transmission theory based on label assignment A
proposal (i. e. , the demand side) requires only one la-
bel unit from the GT (i. e. , the supply side). Conse-
quently, each proposal is exclusively associated with a
single ground-truth instance. Dynamic k-estimation
strategies typically maintain k < q. Let m denote the
number of ground-truth frames and N the total number
of proposed frames. When m × k > 0 . 8N, the value
of k is proportionally downscaled for each ground-truth
instance to guarantee a minimum of 20% negative al-
locations.

Sparse RCNN uses an iterative architecture to
gradually improve the prediction accuracy. At the early
training stage, when the predictions of the dynamic
head remain suboptimal, the supply side (GT) is con-
strained to provide a limited number of units, thereby
enforcing a more stringent matching process. As the
dynamic head predictions progressively converge, the
proposed framework incrementally relaxes this con-
straint, permitting the GT to contribute additional units
for association. A straightforward unit augmentation
strategy k∗ can thus be formulated as follows.

k∗ = k - 0. 5 × (T - t), t = 1,2,…,T (5)

where T denotes the total number of training epochs, t
denotes the times of training epochs.

2. 3　 Improved detection head
To understand the coupled decision choices and

predicted values, it is necessary to construct soft de-
cision trees for multi-class classification and boun-
ding box regression in object detection. In this pa-
per, we use soft routing probabilities from 0 to 1 to
represent decision choices and facilitate network op-
timization.

Soft decision trees are employed for probabilistic
classification. In the case of multiclass prediction, the
soft decision tree can be expressed in the following ana-
lytical form.

c = ∑
j∈Nodes

p jcj, ∑
j∈Nodes

p j = 1 (6)

where c signifies the terminal output of the entire clas-
sification tree, c j designates the predictive estimate of
each constituent node, and p j denotes the routing like-
lihood of decision traversal. It quantifies the probabili-
ty of electing the j-th classification node. Unlike con-
ventional decision trees in which nodes activations are
deterministic, p j constitutes a soft scalar within the in-
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terval [0, 1] . The value of p j is derived within the
network via the scalar output of the SoftMax activation
operator.

Regression of soft decision trees. For the boun-
ding box regression, the soft decision tree is formulated
in a similar way.

b = ∑
j∈Nodes

q jb j, ∑
j∈Nodes

q j = 1 (7)

where b j designates the regression response emitted by
each individual node j; q j represents the probabilistic
routing factor corresponding to the j-th regression ele-
ment, and b denotes the terminal outcome of the re-
gression tree. In correspondence with the soft classifi-
cation counterpart, the routing probability q j ∈[0, 1]
constitutes a soft-valued continuous variable.

Random decision routing. This paper adopts ran-
dom decision routing. There are two reasons for this.
Firstly, to derive high-efficacy decision heads within an
arboreal architecture, this study endeavors to mitigate
excessive interdependence among multiple predictions
emanating from distinct nodes. Secondly, it is necessa-
ry to ensure the decision-making performance of its en-
tire tree. In summary, achieving high-performance
tree-based decision-making requires reducing correla-
tion among node decisions. To accomplish this objec-
tive, the present study employs a selective loss para-
digm to regulate the learning dynamics, while an asso-
ciative regularization term is imposed at each node to
encourage coordinated optimization across the entire
tree structure[30] .

To achieve low correlation node decision-making,
node selection is performed to identify nodes with high-
er optimization priority. Subsequently, a node exhibi-
ting a higher routing likelihood is affiliated with the se-
lection process, whereas nodes characterized by lower
routing probabilities are correspondingly attenuated or
marginalized within the hierarchical structure. There-
fore, to heterogenize the decision behaviors across dis-
tinct nodes, stochastic weighting schemes are intro-
duced to formulate discriminative loss functions,
wherein each node is assigned a unique random coeffi-
cient. The selective loss of classification and bounding
box regression is represented as:

Lcls(cl, cr, y) = γc
l Lcls(cl, y) + γc

rLcls(cr, y)
(8)

Lreg(bl, br, B) = γb
l L1(bl, B) + γb

r L1(br, B)
(9)

where, y is the true label of the sample; B replaces the
true number value of bounding box regression; γc

l and
γc

r are the weight representing the probability of selec-

ting a route in a classification tree; γb
l and γb

r represent
the weight of the selective decision routing probability
of the bounding box regression tree; and cl and cr are
classification outputs from left / right branches; and bl

and br are corresponding bounding box predictionsfrom
left / right branches.

In addition to distinguishing node decisions, it is
also necessary to ensure the performance of the entire
decision tree. This paper formulates association losses
based on fusion prediction c and b during the training
phase. The correlative regularization term can adopt
an identical formulation to the conventional classifica-
tion or bounding-box regression objective, while utili-
zing the predicted feature representations as its input.
The correlation loss formula for classification
Lasso_cls( c, y) and bounding box regression Lasso_reg(b,
B) is the following.

Lasso_cls(c, y) = Lcls(plcl + prcr, y) (10)
Lasso_reg(b, B) = Lbbox(qlbl + qrbr, B) (11)

where pl and pr are deterministic or learned fusion
weights corresponding to classification prediction from
left / right branches;and ql and qr are deterministic or
learned fusion weights corresponding to bounding box
prediction from left / right branches.

The optimization process jointly refines both the
routing likelihoods and predictive outputs through an
associative loss mechanism. In particular, the routing
probability that governs decision traversal is exclusively
constrained by this loss, thereby facilitating coherent
and adaptive routing during inference. The formula for
unifying association loss Lall , classification loss Lcls ,
and regression loss Lreg is as follows.

Lall = γ(Lcls + Lreg) + (1 - γ)(Lasso_cls + Lasso_reg)
(12)

where γ∈ [0, 1] is a coefficient that balances selec-
tive loss and association loss. This paper uses a deci-
sion tree to construct a head for object detection. As
shown in Fig. 2, two fully connected layers are se-
quentially connected to the region pool features, while
the other fully connected layer is used for classification
and bounding box regression, respectively. This article
first generates predictions cl, cr and bl, br, whose fea-
ture outputs have the same structure as the common
header. By additionally appending a subsidiary slender
branch equipped with a fully connected transformation
layer to produce routing likelihoods pl, pr and ql, qr,
the processes of routing determination and prediction
generation are thereby decoupled from the primitive
head architecture.
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Fig. 2　 Soft decision tree-based detection head

2. 4　 Image quality assessment
To ensure high-quality visual inputs for defect de-

tection, we design a HyperNetwork-based adaptive
image quality prediction model tailored for power
transmission inspection images. The proposed archi-
tecture consists of three major modules: a semantic
feature extraction network, a target prediction net-
work, and an adaptive HyperNetwork. The relation-
ships and data flow among these modules are illustra-
ted in Fig. 3.

Fig. 3　 The image quality assessment network.

2. 4. 1　 Semantic feature extraction network
An image can be regarded as a composition of

multiple local fragments, where each fragment contains
fundamental visual elements such as edges and tex-
tures—collectively referred to as low-level features.
High-level semantic features are then abstracted from
these local patterns to represent the overall structural
and contextual characteristics of the image.

To extract both local and global semantic features,
a deep convolutional neural network (CNN) architec-
ture is adopted. Stacked convolution and pooling layers
progressively extract higher-level semantic information;
however, deeper networks may encounter gradient van-
ishing, gradient explosion, or performance degrada-
tion. To address these issues, residual learning blocks

(ResNet blocks) are introduced, and batch normaliza-
tion (BN) layers are inserted after each convolutional
operation to stabilize training.

Each residual block is composed of three convolu-
tional layers.

(1) 1 × 1 convolution for channel reduction and
computational efficiency;

(2) 3 × 3 convolution for feature extraction;
(3) 1 × 1 convolution for restoring the original

channel dimensions.
The BN operation normalizes features within each

mini-batch to zero mean and unit variance, effectively
accelerating convergence and enhancing generalization.
Multiple residual blocks are then stacked with pooling
layers to extract multi-scale semantic features—three
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levels of local features and one global feature are finally
obtained.
2. 4. 2　 Adaptive parameter learning via HyperNetwork

Traditional image quality assessment models can
be expressed as

y = f(x; θ) (13)

where y denotes the predicted image quality score, x
represents the input image, and θ is the model parame-
ter learned from training data. In this formulation, the
same parameter set θ is used for all images, limiting the
model’s adaptability to diverse visual content.

However, inspection images in the power domain
exhibit significant variations in background, object
composition, and environmental conditions. To emu-
late the human perception process, we redefine the
model as

y = f(x; θx) (14)

where θx is dynamically generated based on each im-
age’ s semantic content. This adaptive mechanism al-
lows the model to learn distinct perceptual rules for dif-
ferent image structures.

The image-specific θx is produced by a HyperNet-
work, formulated as

θx = H(Gx; ϑ) (15)

where H ·( ) denotes HyperNetwork mapping func-
tion, ϑ represents its trainable parameters, and Gx de-
notes the global semantic features extracted from the in-
put image. The HyperNetwork thus captures how global
semantic cues influence quality perception, generating
customized parameters for the target prediction net-
work.

HyperNetwork takes global semantic features as
input and outputs four parameter sets through four fully
connected (linear) layers, corresponding to three con-
volutional layers and one linear mapping layer in the
target network.
2. 4. 3　 Target prediction network

The target prediction network performs the final
image quality scoring. Its input consists of the multi-
scale local semantic features Lx extracted from the fea-
ture extraction module, while its θx is generated by Hy-
perNetwork.

The network processes the three levels of local
features as follows.

(1)Each level passes through a 7 × 7 convolution
layer to further learn and compress feature representa-
tions;

(2)The output is normalized via a Sigmoid activa-
tion to map the values into the range of [0, 1];

(3) The three outputs are concatenated and pas-
sed through a fully connected layer to produce the final
image quality score.

Since the convolution and linear layer weights are
dynamically generated by HyperNetwork, each image
is evaluated using its own parameterized perceptual
model.

The training objective minimizes the root mean
square error ( RMSE ) between the predicted and
ground-truth quality scores.

2. 5　 Data Augmentation via text-to-image genera-
tion

　 　 To address the issue of limited and imbalanced
training samples, this study introduces a text-to-image
generation-based data augmentation strategy. A large-
scale pre-trained diffusion model ( i. e. , stable diffu-
sion) is employed to synthesize diverse and realistic
bolt defect images according to textual descriptions,
thereby enriching the diversity and representativeness
of the training dataset.

Specifically, as shown in Fig. 4, a set of text
prompts describing various bolt defect types ( e. g. ,
corrosion, looseness, missing bolts ) under different
lighting conditions, viewing angles, and background
environments is designed based on real inspection sce-
narios. The text-to-image model then generates syn-
thetic images guided by these prompts.

Fig. 4　 The data augmentation via text-to-image generation.

To ensure the quality and authenticity of the gen-
erated data, two filtering mechanisms are applied.

(1) A HyperNetwork-based image quality evalua-
tion module is used to assess the clarity and structural
consistency of generated samples.

(2) Learned perceptual image patch similarity (LP-
IPS) are used to compare generated and real images to
prevent distribution drift.

Finally, the selected synthetic images are com-
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bined with real samples to form an augmented training
set for the improved sparse RCNN model. This aug-
mentation method significantly enhances the model’ s
robustness and generalization in diverse inspection
scenes, particularly for rare defect types.

3　 Experimental results and analysis

3. 1　 Experimental setup
Dataset: the bolt defect images in this paper are

captured by drones and then annotated with reference.
There are a total of 1 970 images containing 4 labels.
The number of target samples and images for each type
is shown in Table 1.

Table 1　 Statistical image sample numbers
Category Target sample size Number of image

Ls-zc 7 815 716

Ls-qdp 670 435

Ls-qlu 284 284

Ls-qxd 670 535

3. 2　 Comparison with different other models
To validate the proposed method’ s effectiveness,

a comparison is made between the algorithm in this ar-
ticle and other object detection algorithms. The experi-

mental results are shown in Table 2, where, AP de-
notes the average precision averaged over multiple IoU
thresholds; AP50 and AP75 indicate the average precision at
IoU thresholds of 0. 50 and 0. 75, respectively; APS, APM

and APL represent the AP for small, medium and large ob-
jects; giga floating-point operations per second (GFLOPS)
denotes the computational complexity measured in billions
of floating-point operations.

Firstly, considering the mean average precision (mAP)
at an IoU of 0. 50, the baseline algorithm sparse RCNN
achieves a detection accuracy of 87. 2% , which is
higher than that of DETR. This indicates that two-stage
algorithms perform better in bolt defect detection in
terms of detection accuracy.

Secondly, the proposed method achieves the high-
est detection accuracy. Deformable DETR performs
better than DETR for small objects.

Finally, regarding model complexity, the input
size for all object detection networks is set to ( 3,
1 280, 800). Compared to the baseline algorithm, the
proposed method increases the computational complexi-
ty by 4. 46 GFLOPS and the number of parameters by
3. 65 million.

In conclusion, the proposed method in this article
significantly improves the detection accuracy of bolt de-
fects while adding a minimal amount of computational
cost.

Table 2　 Results of different testing methods

Method AP AP50 AP75 APS APM APL GFLOPS Parameter / × 106

DETR 0. 480 0. 805 0. 419 0. 249 0. 449 0. 585 91. 64 41. 30

Deformable DETR 0. 497 0. 819 0. 437 0. 299 0. 456 0. 570 195. 26 39. 84

Retinanet 0. 513 0. 827 0. 463 0. 330 0. 499 0. 604 315. 39 56. 74

Sparse RCNN 0. 579 0. 837 0. 543 0. 385 0. 536 0. 633 149. 91 106. 07

This paper 0. 585 0. 872 0. 566 0. 392 0. 516 0. 653 154. 37 109. 72

3. 3　 Ablation experiments
This paper used sparse RCNN as the baseline algo-

rithm and tested after each improvement measure, as
shown in Table 3. By adopting the improved decision
head (DH) for routing, the accuracy enhanced by 2. 4
points. By using dynamic label assignment (DLA), the
detection accuracy improved by 1. 1 points. Therefore,
with the use of the proposed improvement methods in
this article, there is a significant improvement in the
detection accuracy of sparse RCNN without adding ex-
cessive computational costs.

Table 3　 The combined results based on improved methods
Method mAP @ 0. 50

Sparse RCNN 0. 837

Sparse RCNN + DH 0. 861

Sparse RCNN + DH + DLA 0. 872

3. 4　 Engineering validations
Firstly, the aerial images captured by drones are

uploaded to the cloud platform. The improved bolt de-
fect detection model proposed in this article is then uti-
lized for inference. Subsequently, the bolt defect de-
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tection report is downloaded from the cloud platform,
and the detected bolt defect information is manually
verified. This information is then reported to the main-
tenance personnel for repair. The proposed method can
assist inspection personnel in efficiently screening and
identifying defective bolts in high-resolution images,
thereby significantly improving the efficiency of inspec-
tion process.

4　 Conclusions

We propose an improved sparse RCNN. The fol-
lowing two main contributions are made. (1) This pa-
per uses dynamic label assignment based on optimal
transmission algorithm to assign more and more positive
samples in the iterative training phase of sparse RC-
NN, which helps the algorithm to better optimize the
prediction frame. (2) The detection head based on
random decision routing can significantly improve the
detection accuracy. Compared with the original sparse
RCNN method, the method mentioned in this article
can enhance the accuracy mAP@ 0. 5 by 3. 5 points.
Although the detection accuracy of bolt defects in aerial
images can be greatly improved using the method pro-
posed in this paper, the research on improving and en-
hancing the inference speed of the model is not suffi-
cient, and the future work will continue to study the
model compression content to improve the inference
speed without losing the detection accuracy, which will
be the next research direction.
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