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ABSTRACT: Crack Detection is crucial for ensuring the safety and durability of buildings. With the advancement
of deep learning, crack detection has increasingly adopted convolutional neural network (CNN)-based approaches,
achieving remarkable progress. However, current deep learning methods frequently encounter issues such as high
computational complexity, inadequate real-time performance, and low accuracy. This paper proposes a novel model
to improve the performance of concrete crack detection. Firstly, the You Only Look Once (YOLOv11) backbone
replaces the original Real-Time Detection Transformer (RTDETR) backbone, reducing computational complexity
and model size. Additionally, the Dynamic Snake Convolution (DSConv) has been introduced to strengthen the
model’s ability to extract crack features. Furthermore, integrating Cross-Stage Partial + Parallel Spatial Attention
(C2PSA) and BiFormer attention mechanism to enrich the extracted feature information and detection accuracy.
Experimental results demonstrate that compared with the RTDETR baseline model, the proposed method achieves a
1.8% improvement in detection accuracy and a 2.1% increase in recall, while reducing computational complexity by
55.3 GFLOPs and parameter count by 14 M. These results highlight the superior performance and efficiency of the
proposed model.
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1 Introduction
Concrete is widely used in engineering and construction due to its high strength, durability, and

excellent workability. It plays a critical role in civil infrastructure, including roads, bridges, and tunnels.
However, factors such as sustained thermal variations, inferior material quality, improper mixing can
contribute to surface cracking. These cracks not only impair the aesthetic appearance of structures but also
weaken their structural integrity. In addition, they can serve as initiation points for more severe failures,
posing significant safety risks. Timely detection and repair of concrete cracks can help lower maintenance
costs and prevent catastrophic structural damage.

In recent years, deep learning methods—particularly CNNs have achieved excellent results in crack
detection. Advances in artificial intelligence have further driven progress in this field [1,2]. Laxman et al. [3]
proposed a deep learning-based method for detecting cracks in reinforced concrete structures. Furthermore,
object detection and instance segmentation techniques from computer vision have increasingly been applied
to crack detection [4,5]. Zhang et al. [6] proposed an improved U-net network pavement crack segmentation
method, Superior to advanced models such as U-net.
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In 2016, Redmon and Farhadi [7] proposed an end-to-end object detection algorithm, YOLOv1, which
redefined the object detection task as a regression problem. This approach marked the emergence of YOLO-
based object detection methods. Nie and Wang [8] developed a YOLOv3-based method for pavement crack
detection, significantly improving real-time detection and accuracy. Yu [9] employed YOLOv5s for concrete
crack detection, but the model showed limitations when detecting fine or low-contrast cracks. Ni et al. [10]
improved YOLOv7 by using K-means++ clustering and the F-ReLU activation function, achieving improved
precision in road crack detection. Li et al. [11] used UAV imagery with YOLOv8 to improve dam crack
inspection efficiency.

With the rise of Transformers [12], significant progress has been made in crack detection. Yu and
Zhang [13] compared the performance of CNN-based models and Transformer-based models in pavement
crack segmentation. Transformer models tend to converge more easily and achieve higher accuracy. Among
them, SwinUNet demonstrates the best overall performance, achieving a favorable balance between accuracy
and efficiency. Xiao et al. [14] proposed a novel hybrid-window attentive vision transformer framework,
named CrackFormer, for pavement crack detection, aiming to provide an effective and automated solution
for pavement distress inspection and repair. Sun et al. [15] designed a lightweight detection framework,
Pavement Crack DEtection Transformer (PCDETR), which fuses convolutional features with sequential
features to enable efficient pavement crack detection. However, both U-Net and Transformer-based models
generally have large parameter sizes and high computational complexity, resulting in slow inference and
limiting their practical deployment in engineering applications.

Facebook AI introduced the DETR model [16] in 2020, eliminating the need for traditional techniques
such as anchor boxes and Non-Maximum Suppression [17] (NMS). Liu et al. [18] propose Crack-DETR, an
efficient pavement crack detection deep learning network, that can detect complex pavement cracks from
complex background noise. Based on DETR, Zhao et al. [19] proposed RTDETR that efficiently processes
multi-scale features, achieving superior performance in detecting small and low-contrast objects, particularly
in terms of accuracy.

Despite significant progress in crack detection using deep learning methods, several challenges remain.
Both CNN- and Transformer-based models require substantial memory and processing resources. The
YOLO series provides excellent detection speed but achieves slightly lower accuracy compared to RT-DETR.
To overcome these limitations, we integrate the YOLOv11 architecture into RT-DETR by replacing the
backbone and the encoder. The proposed model combines YOLOv11’s multi-scale feature extraction with
the RTDETR decoder as the detection head, unifying the strengths of both frameworks. Based on this
design, we further design a C3k2-DSConv [20] module in the neck to replace standard convolutions, which
enables cross-scale feature fusion. This design particularly addresses the elongated and complex crack shapes
effectively. Finally, we integrate the BiFormer [21] attention mechanism to enhance the C2PSA module, which
further reduces computational cost and improves feature extraction efficiency.

Overall, the proposed DSC-RTDETR model provides a refined architecture that overcomes the limita-
tions of existing methods in terms of accuracy and computational complexity, and provides a more efficient
and precise solution for crack detection. By combining the lightweight structure of YOLOv11 with the high-
precision detection capability of RTDETR, DSC-RTDETR significantly reduces computational overhead
and maintains accuracy. Compared with the YOLO series, DSC-RTDETR performs better in detecting
complex cracks, such as fine or low-contrast cracks. Compared with RTDETR, the proposed model reduces
computational burden and enhances feature extraction efficiency through architectural optimization and
the introduction of the BiFormer attention mechanism, which achieves a better balance between accuracy
and speed.
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2 Overview of YOLOv11 and RTDETR Algorithms
Transformer-based end-to-end object detection models, such as DETRs, have achieved significant

progress, but still face limitations in practical applications due to their high computational cost. To address
the drawbacks of NMS in balancing accuracy and speed in traditional object detection, RTDETR was
proposed as the first real-time end-to-end object detector.

In Fig. 1, the framework comprises four main components: a Backbone for feature extraction, an
Efficient Hybrid Encoder that combines CNN and Transformer strengths, an IoU-aware Query Selection
module for initializing object queries with high-quality proposals, and a Decoder & Head that refines features
for final prediction.

Figure 1: Overall architecture of the RTDETR model

The decoder in RTDETR plays a crucial role in enhancing detection accuracy. It receives object queries
and multi-scale features extracted by the encoder. The decoder applies decoupled intra-scale interaction to
capture relationships within each feature scale, which ensures that fine-grained and contextual information
is preserved. Cross-scale feature fusion allows the decoder to combine information from different feature
resolutions, improving the representation of small and low-contrast targets. RTDETR also employs an IOU-
aware [22] query selection mechanism in the decoder, which provides high-quality initial object queries.
These mechanisms enable the decoder to generate more precise bounding boxes and class predictions,
resulting in a significant improvement in overall detection performance.

In Fig. 2, the detailed architecture of the proposed YOLOv11 model. It consists of a Backbone built with
novel C2PSA and C3k2 modules for powerful feature extraction, a Neck employing feature pyramid networks
with Upsample and Concatenation for multi-scale feature fusion, and a Head for making final predictions at
three different scales.

YOLOv11 is a new generation within the YOLO family and demonstrates remarkable performance
in real-time object detection. The overall architecture follows the classical design principles of the YOLO
series, with its backbone composed of a feature extraction network that combines multiple convolutional
blocks and residual Bottleneck structures. Notably, it incorporates the C3k2 module, which merges a
Cross Stage Partial (CSP) architecture with dual Bottleneck layers and 3 × 3 convolutional kernels. This
design improves feature reuse and gradient propagation through cross-stage connections. The Neck uses an
improved Spatial Pyramid Pooling-Fast (SPPF) module, which allows multi-scale contextual information
aggregation. The integration of the C2PSA attention mechanism strengthens the model’s perception of
small and occluded objects, which improves detection robustness. The design principles of the YOLOv11
architecture are highly adaptable and can inspire improvements in other object detection frameworks to
further enhance performance.
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Figure 2: The detailed architecture of the YOLOv11 model

3 DSC-RTDETR
This chapter introduces the implementation details of the enhancements applied to the DSC-

RTDETR algorithm.

3.1 RTDETR with YOLO Network Integration
In Fig. 3, the architecture of our proposed DSC-RTDETR model. It enhances the original RTDETR

by integrating a deformable convolution-based backbone (featuring C2PSA and Bitformer modules) and a
redesigned neck with C3k2_DSConv modules for more efficient and powerful multi-scale feature processing
before the hybrid encoder.

Although RTDETR reduces computational demand, it still requires substantially more resources
than the YOLO series. To address this issue, this study integrates the lightweight features of the YOLO
architecture into RTDETR to create a new network structure. It establishes a more efficient and lightweight
detection framework.

In DSC-RTDETR, the YOLOv11 backbone integrated with C3k2_DSConv and the BiFormer attention
mechanism is employed as the feature extractor to generate multi-scale feature representations. These
features are directly fed into the Transformer decoder of RTDETR, thereby combining the efficient local
feature extraction capability of YOLOv11 with the global modeling capacity of the RTDETR decoder. This
design unifies lightweight architecture with high-precision detection.

In this study, DSC-RTDETR retains the IOU-aware query selection strategy proposed in RTDETR while
adapting it to the multi-scale feature maps output by the YOLOv11 backbone. During training, candidate
queries are ranked not only by their classification confidence but also dynamically filtered using the IOU
between predicted and ground-truth boxes. This enables the decoder to focus on more representative and
informative queries. Such an adaptation ensures that the query selection mechanism of RTDETR remains
effective within the lightweight DSC-RTDETR framework, thereby improving model convergence stability
and detection accuracy. The enhancement is particularly pronounced in detecting small-scale defect regions.



J Artif Intell. 2025;7 385

Figure 3: The architecture of DSC-RTDETR model

3.2 C2PSA Optimization Based on the BiFormer Attention Mechanism
BiFormer is a vision transformer model that incorporates Bi-level Routing Attention. It employs a

two-level routing mechanism, where each image patch is assigned to a position-based routing unit. The
routing units classify patches into upper-level and lower-level routes based on similarity, with upper-level
routes capturing global contextual information and lower-level routes focusing on local structural details.
This hierarchical design enhances the representation of fine-grained and low-contrast features, which is
particularly beneficial for detecting elongated and irregular crack patterns.

Specifically, the routing module is controlled by several key hyperparameters. The top-k parameter
determines how many of the most relevant windows are selected for each query window, typically set to 4.
The query/key feature dimension defines the size of the projected queries and keys, commonly matching the
model hidden dimension. Routing can optionally include learnable parameters (param_routing) to improve
adaptability, and soft routing can be enabled to perform weighted aggregation of selected window features.
In addition, the differentiable routing flag (diff_routing) controls whether gradients can propagate through
the routing operation. These hyperparameters allow the routing module to efficiently capture long-range
dependencies while maintaining the computational efficiency of local attention.

In Fig. 4, it replaces the standard full self-attention with a more efficient routing mechanism. The process
involves Depthwise Convolution (DWConv), Layer Normalization (LN), the core Bi-level Routing Attention
operation that selectively routes tokens, and an MLP for feature transformation.

Compared with conventional convolutional neural networks, Transformers offer superior ability to
capture long-range dependencies. This is highly beneficial for concrete crack detection, since cracks are often
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elongated and irregular. The two-level routing attention mechanism in BiFormer enables adaptive allocation
of attention across different spatial scales and regions, which improves detection accuracy and enhances
model robustness.

Figure 4: The structure of the Bi-level routing attention block

Although C2PSA has shown strong performance in general feature extraction tasks, it presents limita-
tions when applied to concrete crack detection. Crack morphology varies greatly, from fine hairline fractures
to wide and irregular patterns. However, C2PSA relies on convolutional kernels with fixed receptive fields,
which restricts its adaptability to the diverse forms of cracks.

In Fig. 5, the detailed design of the C2PSA_Biformer block. It combines PSA blocks with multiple
parallel branches of Convolution and BiLevelRoutingAttention, followed by a split and transformation
operation (Conv, s = 1, k = 1) to aggregate information from different representation subspaces.

Figure 5: The detailed design of the C2PSA_Biformer block

We propose C2PSA_BiFormer, an enhanced module that integrates C2PSA with BiFormer to address its
limitations in concrete crack detection. By balancing local and global feature extraction, it improves detection
accuracy, while the dual-path routing attention mechanism enables adaptive selection of key features across
scales, enhancing the capture of fine-grained crack details.

In concrete crack detection, the C2PSA_BiFormer module adds important improvements to the DSC-
RTDETR framework. The module uses BiFormer’s Bi-level Routing Attention to extract better features
while keeping inference fast. It works well for complex textures, small cracks, and low-contrast areas. The
C2PSA_BiFormer combines global and local attention: upper-level routing collects overall context, and
lower-level routing focuses on crack details. This layered attention allows multi-scale feature interaction and
strong feature representation. The position-sensitive PSA Block adds query-based sparsity, which lets the
module focus on important regions and reduce unnecessary calculations. Overall, the C2PSA_BiFormer
improves the detection accuracy and speed of DSC-RTDETR, providing a practical solution for light and
accurate crack detection.
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3.3 C3k2 Optimization with Dynamic Snake Convolution (DSConv)
DSConv is a new type of convolution inspired by tubular structures. It adapts well to elongated and

irregular shapes, making it effective for detecting cracks in concrete. Standard 3 × 3 convolutions have
limited ability to capture overall structural features. To address this issue, Yu [23] introduced dilated convo-
lutions, which expand the receptive field and allow deeper layers to retain higher-resolution feature maps.
Deformable convolutions increase flexibility and enable models to handle complex structures. However,
these methods may miss small details in thin and irregular cracks. DSConv overcomes this limitation by
adding learnable offsets and rules that adjust convolution operations according to the shape and position
of the target. It learns convolutional kernel offsets via offset_conv, limits them to [−1, 1] with tanh, and
uses the DSConv module to adapt the kernel dynamically to complex shapes such as elongated and curved
structures. DSConv provides a more precise and flexible solution for crack detection than conventional
convolution methods.

In Fig. 6, it illustrates the process of learning input-dependent offsets (Δ) from the input feature map,
which are then used to guide the convolutional sampling locations in the subsequent deformable convolution,
allowing it to adaptively focus on non-rigid and irregular regions.

Figure 6: Schematic of the DSConv operation

DSConv is an advanced dynamic convolution method that uses variable kernel weights and a dynamic
path selection mechanism. This design lets the model capture crack features of different shapes and greatly
increases its flexibility in feature extraction. The dynamic path selection also strengthens DSConv’s ability
to combine information across a wider spatial context, ensuring high effectiveness in tasks that require both
fine and large-scale feature analysis.

In Fig. 7, this enhanced cross-stage partial module integrates DSConv and DySnakeConv operations
within its branches, alongside standard convolutions (CBS) and bottleneck blocks, for powerful and adaptive
feature learning.

In the DSC-RTDETR architecture, the C3k2_DSConv module improves feature extraction and increases
model flexibility. By replacing standard Bottleneck blocks with DSConv-enhanced modules, it introduces
dynamically adjustable convolution kernels that trace the snake-like shapes of cracks, enabling the model
to focus on fine-grained and spatially varying features. This approach is especially effective in scenarios
with high background noise, thin cracks, or varying crack widths. The C3k2_DSConv module maintains the
computational efficiency of the original backbone while significantly improving the model’s ability to capture
complex crack shapes. Compared with traditional parallel feature extraction methods, the combination of
C3k2 and DSConv strengthens the model’s capacity to capture both local and global crack features, thereby
enhancing detection accuracy.
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Figure 7: The internal structure of the C3k2_DSConv module

4 Experimental Environment and Results Analysis

4.1 Experimental Environment and Evaluation Metrics
All experiments were performed on an AutoDL virtual server equipped with a Linux-based system,

PyTorch 2.0.0 + cu118, and Python 3.8.10. The hardware setup included an RTX 4090D GPU with 24 GB of
VRAM. The training hyperparameters are summarized in Table 1.

Table 1: Training parameters

Batch Epochs Imgsz Weight_decay
16 100 416 × 416 0.0001

For the crack-seg dataset, data augmentation was used to increase diversity. The strategies included
average blurring (kernel sizes 5× 5 to 15× 15), random cropping (retaining 40%–80% of the original size), and
random rotation (−60○ to 60○). All augmented images were resized to 416 × 416 pixels. After augmentation,
4029 images were generated and split into training, validation, and testing sets with a 7:2:1 ratio.

The AdamW optimizer was chosen for training DSC-RTDETR due to its stability and convergence. By
combining adaptive learning rates with decoupled weight decay, AdamW reduces overfitting and improves
convergence stability during training. For DSC-RTDETR, which integrates DSConv and a lightweight design,
AdamW enables faster convergence and achieves balanced optimization across multiple loss functions,
ensuring both accuracy and efficiency.

This model adopts precision, recall, F1 value, parameter number and GFLOPs as evaluation indicators
to measure each performance of the model.

Calculation formula of precision P and recall R and mAP:

P = TP
TP + FP

× 100% (1)

R = TP
TP + FN

× 100% (2)

mAP = ∫
1

0
PRdr (3)
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F1 values can be combined with precision and recall to reflect overall performance:

F1 = 2 P × R
P + R

(4)

The above metrics are essential for evaluating algorithm performance, with higher values reflecting
stronger detection capability. In addition, the number of model parameters must be considered, as it directly
affects model complexity and requires greater computational power and memory during training.

4.2 Ablation Studies
To evaluate the effectiveness of the proposed DSC-RTDETR algorithm, ablation experiments were

conducted to assess the contributions of the BiFormer attention mechanism and DSConv. Table 2 presents
the results of experiments where the proposed modules were added or removed. These comparisons highlight
the impact of different module configurations on overall model performance.

Table 2: Ablation experiments

Experimenal RTDETR YOLOV11 DSConv Biformer P (%) R (%) FLOPs (G) Parament
(M)

1
√

90.3 72.7 58.6 20.1
2

√ √
91.5 73.5 10.7 5.6

3
√ √ √

92.3 72.7 11.7 6.2
DSC-RTDETR

√ √ √ √
92.1 74.8 11.3 6.1

Note: Bold entries in the first column represent the experiments or models proposed in this work, while bold
values in other columns indicate the best performance.

The study involved four experiments, as summarized in Table 2, where the symbol “
√

” denotes
the inclusion of a specific module. Experiment 1 corresponds to the baseline RTDETR algorithm, while
Experiment 4 represents the proposed DSC-RTDETR model. With the progressive integration of addi-tional
modules, model accuracy improves steadily. The DSConv module enhances crack feature extrac-tion, leading
to a notable increase in detection accuracy, whereas the BiFormer attention mechanism further optimizes
feature representation by mitigating redundancy and strengthening feature fusion.

This combination also reduces model size and parameter count while improving recall. Overall,
compared with the original RTDETR, the proposed model achieves a 1.8% gain in precision and a 2.1%
gain in recall, while reducing computational cost by 53.3 GFLOPs and parameter count by 14 M. These
enhancements yield a more lightweight model that maintains high accuracy and recall, thereby delivering
superior overall performance.

4.3 Visualization Comparison of Model Training Process
To evaluate the effectiveness of the proposed DSC-RTDETR algorithm for concrete crack detection,

a comparative study was conducted against YOLOv8, YOLOv11, and the original RTDETR over multiple
training epochs. The results are presented in Fig. 8.
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Figure 8: Precision vs. epoch curves comparing the proposed DSC-RTDETR with state-of-the-art detectors including
YOLOv8, YOLOv11, and the original RTDETR

As shown in Fig. 8, DSC-RTDETR achieves higher precision and recall than both YOLOv8 and
YOLOv11. In the early stages of training, DSC-RTDETR shows slightly lower mAP50 and mAP50-95 than
RTDETR due to its reduced number of parameters, which initially limits performance. However, these
metrics converge in later epochs, exhibiting minimal differences. Overall, DSC-RTDETR demonstrates
slightly superior performance in precision, recall, and F1-score relative to the other models.

4.4 Comparison with Mainstream Algorithms
To objectively assess the performance of the improved DSC-RTDETR model, we conducted training and

evaluation experiments in comparison with the original RTDETR and several widely used network models.
The performance metrics of these models are summarized in Table 3.
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Table 3: Comparative experiment results for different mainstream algorithms

Model P (%) R (%) mAP (%) F1 (%)
SSD [24] 87.3 75.1 80.6 80.74

Faster RCNN [25] 88.6 74.3 81.5 80.82
RTDETR 90.3 72.7 82.2 80.47
YOLOv8 90.3 69.5 81.3 78.54
YOLOv5 80.7 72.0 76.9 76.1

YOLOv9c 87.0 72.0 80.1 78.7
YOLOv11 88.9 70.8 81.0 77.84

YOLOv10n 70.4 70.3 72.5 69.3
YOLOv12 88.5 68.9 76.4 77.5

RTDETR-x 92.7 72.7 81.1 81.5
DSC-RTDETR 92.1 74.8 82.4 82.55

Note: Bold entries in the first column represent the experiments
or models proposed in this work, while bold values in other
columns indicate the best performance.

As shown in Table 3, the DSC-RTDETR model outperforms all other compared algorithms. It achieves
the highest precision (92.1%) and mAP (82.4%), surpassing the YOLO series in both precision and
recall. These results demonstrate the effectiveness and superiority of the proposed algorithm for concrete
crack detection.

4.5 Evaluation of Different C3k2 Integration Strategies
To further improve DSC-RTDETR, the C3k2 module was enhanced by integrating DSConv-based

dynamic snake convolution. To evaluate the effectiveness of this integration, several recently proposed
methods were implemented at the same position in the model under identical experimental settings. The
comparative results are shown in Table 4.

Table 4: Comparative experiment results for different strategy implementations

Experiment P (%) R (%) mAP (%) mAP50-95 (%)
C3k2 + Conv 90.6 73.9 80.6 61.7

C3k2 + DCNv2 [26] 91.8 72.0 79.4 62.2
C3k2 + DWRSeg [27] 88.2 71.9 80.6 62.1
C3k2 + RepVGG [28] 86.1 74.9 80.2 60.7

C3k2 + GhostModel [29] 92.7 71.9 79.7 62.5
C3k2 + FasterBlock [30] 85.2 76.6 82.3 62.2

C3k2 +DSConv 92.1 74.8 82.4 63.9

Note: Bold entries in the first column represent the experiments or models
proposed in this work, while bold values in other columns indicate the best per-
formance.

As shown in Table 4, integrating DSConv into the C3k2 module significantly enhances the model’s
performance in crack detection. The original C3k2 module often misses critical crack-related features due to
the complex and elongated nature of cracks. DSConv, with its strong ability to capture tortuous and elongated
patterns, effectively overcomes these limitations.
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We integrated DSConv, Conv, and DCNv2 into the C3k2 module under identical experimental settings,
and the comparative results are presented in Table 4. As shown, C3k2 + DSConv achieves superior perfor-
mance with higher precision (92.1%) and mAP (82.4%) compared to both C3k2 + Conv (90.6%, 80.6%) and
C3k2 +DCNv2 (91.8%, 79.4%). Notably, DSConv improves mAP by 3.0 points over DCNv2, highlighting its
stronger ability to capture elongated and irregular crack structures. Overall, experiments demonstrate the
domain-specific advantages of DSConv for crack detection.

4.6 Comparative Evaluation of Attention Mechanisms
The BiFormer attention mechanism enhances feature aggregation by dynamically selecting relevant

information across multiple spatial scales, thereby effectively improving model performance. Table 5 presents
a comparative study of different attention mechanisms, which demonstrates the effectiveness of integrating
the BiFormer attention mechanism into the C2PSA module.

Table 5: Comparative experiment results for different attention mechanisms

Experiment P (%) R (%) mAP (%) mAP50-95 (%)
C2PSA + Acmix [31] 90.6 74.3 81.9 62.4
C2PSA + DLKA [32] 85.0 72.7 79.7 61.4
C2PSA + EMA [33] 83.6 73.9 80.4 60.2
C2PSA + LSKA [34] 85.2 71.7 79.3 59.7
C2PSA + SEAM [35] 86.2 75.1 79.9 59.5
C2PSA + BiFormer 92.1 74.8 82.4 63.9

Note: Bold entries in the first column represent the experiments or models
proposed in this work, while bold values in other columns indicate the
best performance.

As shown in Table 5, the integration of the BiFormer attention mechanism into the C2PSA module
leads to significant improvements in both recall and mAP for crack detection. The BiFormer mechanism
enhances the model’s feature aggregation capability by dynamically selecting relevant information across
multiple spatial scales, enabling the extraction of more comprehensive and accurate feature representations.

4.7 DSC-RTDETR on Crack500
To further validate the generalization ability and practicality of the proposed method, in addition

to experiments on the crack-seg dataset, we also conducted training and testing on a road crack dataset
derived from Crack500. The Crack500 dataset contains a wider variety of crack types and images from
diverse scenes, which facilitates a more comprehensive evaluation of the model’s performance under different
data distributions. Experimental results demonstrate that the proposed method also achieves outstanding
detection performance on the Crack500 dataset, thereby further confirming its applicability in real-world
scenarios and the reliability of the conclusions.

In terms of performance comparison, as shown in Table 6, DSC-RTDETR demonstrates a well-balanced
performance across multiple evaluation metrics, highlighting clear advantages. The model achieves an mAP
of 79.7%, outperforming YOLOv8, RT-DETR, and YOLOv11, indicating superior overall detection accuracy
for pavement crack detection tasks. Additionally, DSC-RTDETR attains an F1 score of 77.1%, which is
comparable to RTDETR and higher than YOLOv11, further confirming a favorable balance between precision
and recall. The results demonstrate that our model maintains competitive performance across different
environments, confirming its robustness and adaptability.
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Regarding inference speed, DSC-RTDETR reaches 56.09 FPS, representing a substantial improvement
over RT-DETR. Although slightly slower than YOLOv8 and YOLOv11, the higher detection accuracy
compensates for this, achieving an effective trade-off between lightweight design and real-time performance.
From a computational perspective, DSC-RTDETR requires significantly fewer FLOPs than RT-DETR while
maintaining higher mAP and faster inference, reflecting the benefits of the architectural optimizations.
Compared with YOLOv8 and YOLOv11, the inference speed of DSC-RTDETR is slightly lower, mainly due
to the integration of feature enhancement modules and an improved detection head. These additions mod-
erately increase computational complexity but result in higher accuracy and reduced FLOPs, aligning well
with practical requirements in industrial applications where both detection performance and computational
efficiency are critical.

Table 6: Comparison of DSC-RTDETR and mainstream models

Model P (%) R (%) mAP (%) F1 (%) FPS FLOPs (G)
YOLOv8 86.1 69.0 79.1 76.6 204.08 8.1
RTDETR 89.2 68.2 78.6 77.2 46.56 56.9
YOLOv11 86.6 65.7 77.9 74.7 153.84 6.3

DSC-RTDETR 87.9 68.7 79.7 77.1 56.09 11.3

Note: Bold entries in the first column represent the experiments or models proposed
in this work, while bold values in other columns indicate the best performance.

RTDETR DSC-RTDETR

Figure 9: Variation curve of each index with iteration rounds
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4.8 Detection Results
To verify the effectiveness of the proposed improvements, we compared the detection results of DSC-

RTDETR with those of the original RT-DETR model, demonstrating the superiority of the enhanced
approach. As shown in Fig. 9, DSC-RTDETR achieves noticeably higher accuracy in crack detection.

5 Conclusion
In summary, this study proposes DSC-RTDETR, a novel lightweight concrete crack detection model

that integrates YOLOv11 with RT-DETR. By incorporating DSConv and BiFormer, the model achieves
improved detection accuracy while preserving computational efficiency. The discussion on edge-device
deployment is grounded in the reduced computational complexity and parameter count, which make the
model suitable for resource-constrained mobile devices. In future work, we will focus on improving recall,
validating performance on hardware-limited platforms, and further optimizing the model for practical
deployment in diverse real-world environments.
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