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Abstract

Vehicle damage detection is an important task in intelligent transportation systems and
insurance assessment, yet it remains challenging due to the subtle appearance, irregular
shapes, and spatial dispersion of damage regions in complex environments. We propose
a specialized structural synergy that organically integrates a GSConv-based Slim-Neck,
a dynamic Bi-Level Routing Attention mechanism, and an orientation-aware SIoU loss.
Rather than a superficial architectural combination, this cooperative design introduces
a novel methodological framework engineered specifically to resolve the fundamental
conflict between edge-deployment efficiency and fine-grained feature preservation in
vehicle inspection. The method is evaluated on the publicly available Car Damage Detection
dataset and compared with representative two-stage and one-stage detectors, including
DETR, Faster R-CNN, YOLOv5n, YOLOv8n, and YOLO11n. Experimental results show that
the proposed approach achieves a mAP50 of 67.9% and mAP50–95 of 53.8%, outperforming
the baseline YOLO11n and other lightweight YOLO variants with only a moderate increase
in computational cost. These results indicate that the proposed framework offers a favorable
trade-off between detection accuracy and efficiency, showing potential for vehicle damage
inspection under resource-constrained conditions.

Keywords: intelligent transportation systems; object detection; vehicle damage detection;
vehicle inspection

1. Introduction
Vehicle damage detection plays a critical role in intelligent transportation systems,

insurance claim assessment, and vehicle maintenance services. With the continuous growth
of the global automobile fleet, traffic accidents and wear-related damage have become
increasingly common, leading to a rising demand for accurate, efficient, and automated
vehicle inspection solutions [1]. Traditional manual inspection approaches are often time-
consuming, subjective, and highly dependent on expert experience, which limits their
scalability and consistency in practical applications. Consequently, computer vision-based
methods have attracted considerable attention due to their potential to provide fast, objec-
tive, and reliable vehicle damage detection [2].

In recent years, deep learning techniques, particularly convolutional neural networks,
have achieved remarkable success in object detection tasks. Among these approaches,
the You Only Look Once series has been widely adopted because of its favorable balance
between detection accuracy and real-time inference speed [3]. By employing end-to-end
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detection pipelines and multi-scale feature learning strategies, YOLO-based frameworks
have demonstrated strong performance in various application domains, including traffic
sign recognition, road anomaly detection, and vehicle perception tasks. Nevertheless,
vehicle damage detection remains challenging due to the subtle visual characteristics,
irregular shapes, and diverse spatial distributions of damage types such as scratches, dents,
and collision-induced deformations [4]. These damaged regions often exhibit strong visual
similarity to background textures, particularly under complex illumination conditions or in
cluttered environments.

Despite the strong baseline performance of existing YOLO-based detectors, several
limitations restrict their effectiveness in vehicle damage detection [5]. First, conventional
neck structures for multi-scale feature fusion, such as feature pyramid networks and path
aggregation networks, often introduce feature redundancy and increased computational
burden, which is unfavorable for lightweight deployment scenarios. Second, the interaction
among features across different spatial regions and scales is often insufficient, limiting the
ability to capture global contextual information. This limitation becomes more pronounced
when detecting fine-grained and spatially scattered damage patterns, where long-range
dependencies and selective attention to informative regions may play an important role [6].
Standard YOLO models frequently experience performance degradation when detecting
small, irregular, or low-contrast vehicle damages due to their inherent structural design
limitations. Specifically, the aggressive spatial downsampling mechanisms employed by
generic detectors to compress computational overhead cause a rapid loss of high-frequency
geometric information, which practically eliminates the subtle feature footprints of small
cracks in deeper feature layers. Furthermore, irregular and elongated damage zones do not
conform to uniform rectangular receptive fields, leading to significant feature dilution and
localized misalignment. For low-contrast anomalies, conventional convolutional layers
apply uniform feature aggregation across dense matrices, which lacks the capacity to
dynamically isolate subtle foreground paint deformations from dominant background
contexts such as specular reflections on glossy vehicle bodies. As a result, there is a clear
need for lightweight detection frameworks that simultaneously reduce computational
complexity and enhance feature representation capability.

To address these challenges, this paper proposes a lightweight vehicle damage de-
tection framework that integrates a GSConv-based Slim-Neck architecture with bi-level
routing attention. The Slim-Neck design leverages GSConv to improve channel mixing
efficiency while significantly reducing computational cost, and incorporates VoVGSCSP
modules to mitigate feature redundancy and facilitate gradient propagation during multi-
scale feature fusion [7,8]. In addition, bi-level routing attention is introduced to strengthen
contextual representation by selectively modeling interactions at both regional and to-
ken levels. This attention mechanism allows the network to place greater emphasis on
informative damage-related regions while reducing the influence of irrelevant background
information, thereby helping improve robustness to subtle and irregular damage pat-
terns [9,10].

The proposed method is evaluated on the publicly available Car Damage Detection
dataset to ensure reproducibility and enable fair comparison with existing approaches.
Experimental results demonstrate that the proposed framework achieves improved detec-
tion performance while maintaining a lightweight model design, making it suitable for
real-world vehicle damage inspection scenarios where both accuracy and computational
efficiency are required.

The main contributions of this work can be summarized as follows:
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A lightweight Slim-Neck architecture based on GSConv and VoVGSCSP is designed
to enhance multi-scale feature fusion efficiency while effectively reducing computational
redundancy.

Bi-level routing attention is integrated into the detection framework to further refine
contextual information and improve sensitivity to fine-grained vehicle damage patterns.

Extensive experiments conducted on the Car Damage Detection dataset validate
the effectiveness of the proposed method and demonstrate a favorable balance between
detection accuracy and computational efficiency.

The remainder of this paper is structured as follows. Section 2 reviews the related
literature on intelligent vehicle damage detection and efficient deep learning architectures.
Section 3 delineates the proposed methodology, detailing the targeted structural synergy
of the GSConv-based Slim-Neck, the Bi-Level Routing Attention mechanism, and the
orientation-aware loss function. Section 4 presents the comprehensive experimental evalua-
tions, quantitative comparisons, ablation studies, and category-wise performance analyses.
Section 5 concludes the paper and outlines prospective directions for future research.

2. Related Works
The application of deep learning to vehicle damage detection has gained increasing

attention in recent years, driven primarily by the growing demand for automated insur-
ance claim assessment and intelligent vehicle inspection systems. Recent studies have
demonstrated that convolutional neural network-based detection frameworks can effec-
tively replace manual inspection processes by improving inspection efficiency and reducing
subjectivity, thereby enhancing scalability and consistency in practical applications [11].
With continuous advancements in deep learning, vehicle damage detection systems have
shown promising performance and robustness in real-world deployment scenarios.

This systematic taxonomy provided in Table 1 consolidates the baseline trajectories
evaluated across contemporary literature. The tabulated comparison reveals that prior
architectural adjustments either introduce immense parameter inflation or fail to represent
fine-grained surface defect variations. The proposed framework structurally distinguishes
itself by coupling an efficient GSConv-based Slim-Neck feature purifier with a dynamic
Bi-Level Routing Attention mechanism.

Table 1. Summary of different object detection paradigms.

Methodology Core Mechanism Key Limitation Efficiency

FRCNN Two-stage proposal Low inference speed High memory overhead
DETR Global Transformer High baseline complexity Intensive computing demand

Traditional YOLO Uniform convolution Info loss of small defects Prone to degradation
OURS Sparse routing Affected by intense reflections Lightweight

Object detection architectures for vehicle damage detection can generally be divided
into two-stage and one-stage paradigms. Recent comparative studies indicate that two-
stage detectors, such as Faster R-CNN variants, remain competitive in accuracy-oriented
tasks but suffer from relatively low inference efficiency, which limits their applicability
in real-time inspection systems [12]. In contrast, one-stage detectors, including YOLO-
based and RetinaNet-based models, achieve faster inference while maintaining competitive
detection accuracy, making them more suitable for online vehicle damage inspection and
edge deployment scenarios [13]. Consequently, recent research has increasingly focused on
improving the accuracy–efficiency trade-off of one-stage detectors.

Among one-stage detectors, the YOLO family has undergone rapid evolution in recent
years. YOLOv8 and its successors introduce improved backbone and neck designs to
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enhance feature representation and multi-scale fusion efficiency [14]. More recent versions
further integrate advanced attention mechanisms and optimized convolutional structures
to improve sensitivity to small and irregular targets while reducing parameter redun-
dancy [15]. These improvements are particularly relevant for vehicle damage detection,
where damage regions often exhibit subtle visual cues and strong background interference.
Recent attention-enhanced YOLO-based approaches have demonstrated notable perfor-
mance gains in detecting fine-grained vehicle damage patterns under complex imaging
conditions [16].

In recent years, the literature on vehicle damage detection has increasingly focused on
the deployment of lightweight YOLO-based frameworks and the integration of advanced
attention mechanisms to capture irregular defect geometries [17]. Various efficient architec-
tures have attempted to optimize parameter efficiency by replacing standard convolutions
with depthwise separable operations or applying localized attention blocks to capture
surface anomalies [18]. While these recent attention-enhanced variants improve detection
performance for prominent damages, they frequently suffer from severe computational
inflation when processing high-resolution deployment inputs [19], or they experience a
dramatic drop in fine-grained feature representation due to over-simplified lightweighting
strategies [20]. The proposed framework directly addresses this gap in the current liter-
ature landscape by coupling an efficient GSConv-based Slim-Neck feature purifier with
a dynamic Bi-Level Routing Attention mechanism. This structural alignment achieves
a sparse routing paradigm that captures long-range defect dependencies without the
computational penalties typical of recent efficient damage detection architectures. This
systematic taxonomy provided in Table 1 consolidates the baseline trajectories evaluated
across contemporary literature. The tabulated comparison reveals that prior architectural
adjustments either introduce immense parameter inflation or fail to represent fine-grained
surface defect variations. The proposed framework structurally distinguishes itself by
coupling an efficient GSConv-based Slim-Neck feature purifier with a dynamic Bi-Level
Routing Attention mechanism.

3. Materials and Methods
3.1. Dataset Construction

The proposed method was evaluated using the CarDD dataset, a publicly available
large-scale benchmark specifically designed for vision-based vehicle damage detection and
segmentation. The dataset contains approximately 4000 high-resolution images of dam-
aged vehicles, with more than 9000 accurately annotated instances covering six common
categories of external damage, including dent, scratch, crack, glass shatter, tire flat, and
lamp broken. Detailed information regarding dataset construction and statistical analysis
is provided in the original dataset publication.

The images in CarDD were collected under real-world conditions and exhibit substan-
tial diversity in viewpoints, illumination, and background complexity, making the dataset
representative of practical vehicle inspection scenarios. The annotated damage instances
vary significantly in scale, shape, and visual appearance, which introduces additional
challenges for accurate detection, particularly for small and low-contrast damage regions.
Furthermore, the dataset supports multiple computer vision tasks, such as object detection
and instance segmentation, highlighting its suitability for comprehensive evaluation of
vehicle damage analysis methods.

To ensure consistency with the detection framework adopted in this study, all images
were resized to a fixed resolution of 640 × 640 pixels prior to training and evaluation. The
dataset was randomly divided into training and validation subsets while preserving the
original class distribution. This data partitioning strategy ensures balanced representation
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of damage categories and enables fair and reproducible performance comparison. Over-
all, the CarDD dataset provides a standardized and publicly accessible benchmark for
evaluating vehicle damage detection methods in realistic application scenarios.

3.2. Proposed YOLO11-Based Detection Framework

The proposed detection framework is built upon the YOLO11 architecture and adopts
a classical three-stage design consisting of a backbone, a neck, and multi-scale detection
heads. The backbone follows the standard YOLO11 configuration and is composed of
stacked convolutional layers and C3k2 blocks, followed by a spatial pyramid pooling fast
module and a C2PSA block at the deepest stage. This architecture enables hierarchical
feature extraction through progressive downsampling while preserving essential spatial
information via partial feature aggregation and spatial attention mechanisms. As a result,
the backbone is able to capture both fine-grained texture details and high-level semantic
representations, which are important for modeling subtle vehicle damage patterns such as
fine scratches and minor dents.

Building upon the features generated by the backbone, a staged Slim-Neck structure
is employed to perform structured multi-scale feature fusion. As illustrated in Figure 1,
high-level features are progressively upsampled and fused with corresponding lower-level
features, followed by VoVGSCSP blocks to enhance feature reuse and facilitate gradient
propagation. Lightweight GSConv layers are selectively integrated into the downsampling
paths to reduce computational redundancy while preserving effective channel interac-
tion [21]. This stage-wise fusion strategy allows shallow, high-resolution features to retain
detailed spatial cues that are helpful for detecting small or low-visibility damage regions,
while deeper features provide stronger semantic consistency and contextual information.

Figure 1. Overall architecture of the proposed YOLO11-based vehicle damage detection framework,
illustrating the backbone, staged Slim-Neck with bi-level routing attention, and multi-scale detection
heads for efficient and accurate damage localization.

To further enhance feature representation, a bi-level routing attention module is
integrated into the medium-scale branch of the neck to refine fused features by selectively
modeling semantically relevant regions and performing fine-grained interactions among
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tokens within these regions [22]. This hierarchical attention mechanism strengthens the
interaction between local and global features, helping reduce the influence of background
interference such as reflections and shadows while highlighting irregular or spatially
dispersed damage patterns. The refined multi-scale features are subsequently delivered to
parallel detection heads at the P3, P4, and P5 levels, enabling simultaneous detection of
damage instances across different spatial scales.

To improve localization robustness, the framework adopts Scylla Intersection over
Union as the bounding box regression objective. This loss function introduces angle-aware
and shape-consistent geometric constraints, which may help improve optimization under
perspective variations and complex vehicle geometries [23]. Together, these components
constitute a coherent and efficient enhancement of the YOLO11 architecture, supporting ac-
curate and reliable vehicle damage detection in real-world automotive inspection scenarios.

3.2.1. GSConv-Based Slim-Neck

To improve the efficiency of multi-scale feature fusion while preserving sufficient
representational capacity, a staged Slim-Neck is introduced into the YOLO11-based frame-
work [24]. This design is motivated by the Slim-Neck concept, which seeks to reduce
redundancy in feature aggregation by selectively replacing computationally expensive con-
volutional operations in the neck with lightweight alternatives, while keeping the backbone
unchanged to retain its strong feature extraction capability.

Unlike conventional feature pyramid networks that apply uniform convolutional
operations across all fusion stages, the proposed staged Slim-Neck adopts a stage-wise
optimization strategy. As illustrated in Figure 2b, high-resolution stages that are sensitive
to spatial detail retain structured aggregation blocks based on VoVGSCSP, which integrate
GS bottlenecks within a cross-stage partial topology to maintain effective feature interaction
and stable gradient propagation. These stages play a critical role in capturing fine-grained
visual cues associated with small or low-contrast damage regions. In contrast, deeper
fusion stages employ GSConv-based lightweight operations, as shown in Figure 2a, to
reduce computational overhead while preserving sufficient semantic representation for
medium- and large-scale damage patterns.

The efficiency of the proposed neck design is largely attributed to the internal structure
of GSConv, which is illustrated in Figure 3. GSConv integrates standard convolution and
depthwise separable convolution through parallel branches, followed by feature concatena-
tion and channel shuffling. This hybrid structure enables effective mixing of spatial and
channel-wise information, preserving feature diversity more effectively than purely depth-
wise separable convolution while substantially reducing computational complexity [25].
Building upon GSConv, the GS bottleneck further incorporates shortcut connections to
facilitate stable feature propagation. When embedded within the VoVGSCSP structure, the
GS bottleneck allows the network to achieve a balanced trade-off between representational
capacity and computational efficiency in a modular and scalable manner.

By selectively embedding GSConv and GS bottleneck structures at appropriate stages
of the neck, the proposed staged Slim-Neck mitigates the representational limitations
that lightweight convolutions may introduce during early feature extraction, while fully
leveraging their efficiency in multi-scale feature fusion.

This design aligns computational complexity with different levels of feature abstrac-
tion, enabling the network to preserve fine-grained damage cues at shallow scales while
maintaining robust semantic consistency at deeper [26]. Such a structured fusion strategy
is particularly well suited for vehicle damage detection tasks, in which small defects re-
quire high-resolution spatial detail, whereas larger damage regions benefit from stable and
efficient semantic aggregation.
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Figure 2. Structural diagrams of the GS bottleneck and the VoV-GSCSP module: (a) GS bottleneck
and (b) VOV-GSCSP module.

Figure 3. Structural illustration of the GSConv module for efficient channel mixing and feature
aggregation.

3.2.2. Bi-Level Routing Attention

The core concept of bi-level routing attention is to decompose the attention com-
putation into two complementary stages, namely region-level routing and token-level
refinement, as illustrated in Figure 4. In the first stage, the input feature map is partitioned
into non-overlapping spatial regions using a fixed stride. A gather operation is subse-
quently applied to aggregate features within each region, resulting in compact region-level
representations [27]. These aggregated representations are employed to construct global
key and value matrices, which encode coarse-grained semantic information across different
spatial regions. In parallel, query features are generated directly from the original feature
map at the token level, thereby preserving fine-grained spatial details.
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Figure 4. Illustration of the bi-level routing attention mechanism.

Based on the similarity between region-level query representations and the global
keys, a routing function dynamically selects a small subset of semantically relevant regions
for each query region [28], which can be expressed as:

R(q) = Top − K
(
sim

(
rq, rk

))
(1)

where rq and rk denote region-level feature embeddings and sim(·) represents a similarity
measure. This routing mechanism allows the model to focus attention on informative
global context while suppressing irrelevant background regions.

As shown in Figure 4, this routing step significantly reduces the attention search space
by focusing computation on a limited number of informative regions, while suppressing
irrelevant background areas.

In the second stage, fine-grained attention is performed exclusively within the routed
regions. Specifically, the query features Q interact with the selected global keys through
matrix multiplication followed by normalization, yielding an attention map A. The refined
output features are then obtained by aggregating the corresponding value features:

yi = ∑j∈R(q) αijvj (2)

where αij denotes the normalized attention weight and vj represents the value features.
The normalized attention weight αij is formally calculated via a token-to-token exponential
expansion matrix as follows:

αi,j =

exp
(

qik
T
j√

d

)
∑m∈R(q) exp

(
qik

T
m√
d

) (3)

This localized aggregation mechanism, as visualized in Figure 4, enables precise token-
level refinement while avoiding the quadratic complexity of dense global self-attention.

Within the proposed YOLO11-based architecture, the bi-level routing attention module
is integrated into the medium-scale feature branch of the neck. At this stage, multi-scale
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features have already been aggregated through the staged Slim-Neck, and the attention
module further refines these representations by enhancing the interaction between lo-
cal details and global context [29]. By selectively emphasizing damage-relevant regions
and suppressing background interference such as reflections and shadows, the attention
mechanism improves the discriminative quality of the fused features.

The normalization protocol and computational complexity of the bi-level routing
attention block are explicitly detailed within the text narrative. Layer Normalization
is implemented immediately before the linear projections to stabilize internal gradient
distributions. For an input feature map entering the attention block, the tensor dimension
initiates as a standard four-dimensional spatial layout consisting of batch size, height,
width, and channel depth. This structure is subsequently flattened into a two-dimensional
sequence matrix defined by batch size and total token length before being projected into
the channel spaces. During the regional partitioning phase, the tensor is further reshaped
to isolate the non-overlapping spatial regions for coarse-grained routing. The theoretical
computational complexity of this sparse routing mechanism scales linearly with respect to
the channel dimension and retains a strictly bounded quadratic relationship with the token
sequence length. This design significantly reduces the operational overhead compared with
traditional dense global self-attention mechanisms, ensuring high computational efficiency.

3.2.3. SIoU-Based Localization Loss

Accurate localization is essential for vehicle damage detection, as damage regions
often exhibit irregular shapes, elongated structures, and appear under oblique viewing
angles. Conventional IoU-based localization losses, including IoU, GIoU, DIoU, and CIoU,
mainly emphasize overlap area, center distance, and aspect ratio consistency [30]. Although
effective for general object detection, these losses provide limited guidance when predicted
and ground-truth bounding boxes are spatially close but geometrically misaligned, a
situation frequently encountered in vehicle damage scenarios.

To address this issue, the proposed framework adopts the Scylla Intersection over
Union loss for bounding box regression. SIoU extends traditional IoU formulations by
incorporating geometric constraints that jointly consider overlap, center distance, direc-
tional alignment, and shape consistency [31]. In particular, SIoU introduces an angle-aware
optimization strategy that models the relative orientation between the center displacement
vector of the predicted and ground-truth boxes. By leveraging directional information, the
regression process is guided along a more efficient geometric path, which improves conver-
gence behavior when bounding boxes partially overlap or exhibit asymmetric alignment.

The computation of the angle is defined as follows:

α = arcsin

 |y2 − y1|√
(x2 − x1)

2 + (y2 − y1)
2 + ε

 (4)

where (x1, y1) and (x2, y2) represent the centers of the predicted and ground-truth boxes.
A smaller α value indicates closer alignment with the principal axis, reflecting enhanced
orientation consistency. To complement this angle modeling, SIoU incorporates distance
and shape constraints. Specifically, the distance term adaptively reweights center-point
deviations based on the angular error, thereby imposing more stringent penalties on
misaligned predictions. Concurrently, the shape constraint enforces structural consistency
between the dimensions of the predicted and ground-truth bounding boxes, which is
defined as follows:

shape_cost =
(

1 − e−ωω
θ
)
+

(
1 − e−ωh

θ
)

(5)
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where ωω and ωh represent normalized differences in width and height, and θ is a scaling
factor. The final SIoU loss function extends the conventional IoU penalty by incorporating
orientation-aware and shape-aware regularization terms, formulated as:

LSIoU = 1 − IoU + 0.5·(δ + shape_cost) (6)

where δ denotes the angle-guided distance cost.
The structural integration of the GSConv-based Slim-Neck, Bi-Level Routing Attention,

and SIoU loss within the YOLO11 backbone is not an arbitrary combination of previous
components, but a targeted architectural synergy specifically engineered to address the
unique physical challenges of vehicle damage detection. Generic lightweight YOLO vari-
ants often reduce parameters at the cost of fine-grained feature degradation, leading to
high missed detections of subtle defects under complex ambient backgrounds. In our
framework, the Slim-Neck serves as an efficient feature purifier that compresses redundant
channels while preserving high-frequency structural details. This purified representation
directly facilitates the Bi-Level Routing Attention module to execute dynamic sparse rout-
ing mechanisms, allowing the network to capture long-range contextual dependencies of
highly irregular damage zones without being distracted by specular reflections on glossy
car bodies. Additionally, the SIoU loss introduces a direction-aware vector alignment
that directly accelerates the boundary convergence of elongated or tilted defects such as
long scratches. This organic coupling effectively resolves the inherent conflict between
deployment efficiency and fine-grained representation capacity, distinguishing OURS from
general-purpose detection frameworks.

To ensure the reproducibility of the proposed framework, the key implementation
parameters of the Bi-Level Routing Attention module are explicitly defined. Specifically,
the input feature map is first divided into 7 by 7 non-overlapping routing regions. The
top-k selection strategy employs a fixed value of k = 4, meaning that each routing region
only attends to the top 4 most relevant key-value regions, which effectively filters out
irrelevant background noise and limits the computational overhead. In terms of archi-
tectural integration, the attention module is strategically positioned at the output feature
layers of the Slim-Neck immediately prior to the detection heads. This specific integration
position was quantitatively determined through pilot comparative experiments, which
revealed that embedding the module at the deep feature fusion stage provides the optimal
balance between multi-scale contextual aggregation and parameter efficiency, compared
with embedding it within the backbone layers.

3.2.4. Evaluation Indicators

A comprehensive evaluation of vehicle damage detection performance requires not
only conventional object detection metrics but also careful consideration of robustness
and practical applicability. Given that vehicle damage detection is closely associated with
safety-critical scenarios such as insurance assessment, intelligent transportation monitoring,
and vehicle maintenance, the evaluation framework should effectively reflect the model’s
ability to achieve high detection accuracy, reduce false alarms, avoid missed detections,
and maintain reliable performance in real-world conditions.

Among the fundamental evaluation indicators, precision (P) and recall (R) are widely
adopted to assess detection reliability and completeness. Precision measures the proportion
of correctly detected damage instances among all predicted damage regions, as defined
in Equation (3), where and denote the numbers of true positives and false positives, re-
spectively. A higher precision value indicates that the detector is less likely to misclassify
undamaged regions as damage, which is essential for preventing unnecessary interventions.
In contrast, recall evaluates the proportion of actual damage instances that are successfully
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detected, as expressed in Equation (4), where FN represents false negatives [32]. Recall
is particularly important in vehicle damage detection, as missed detections may lead to
incomplete inspections, underestimated repair costs, or potential safety risks.

To jointly evaluate detection accuracy across different confidence thresholds, the
average precision (AP) is defined as the area under the precision–recall curve, as shown
in Equation (5), where precision is treated as a function of recall. For multi-class vehicle
damage detection tasks involving categories such as collision-related damage, dents, and
scratches, the mean average precision (mAP) is employed, as defined in Equation (6),

P =
TP

TP + FP
(7)

where denotes the total number of damage categories. Together, AP and mAP provide
standardized and comprehensive metrics for assessing both localization and classification
performance across diverse damage types.

R =
TP

TP + FN
(8)

where FN represents false negatives, recall measures the proportion of actual vehicle
damage instances successfully identified by the model; this metric is uniquely vital in auto-
motive defect assessment because missed detections—such as overlooking deep dents or
structural compromises—can result in incomplete appraisals, undervalued repair estimates,
or severe post-repair safety hazards if critical damage goes unnoticed.

To unify these complementary measures, the average precision (AP) is calculated as
the area integrated under the precision–recall curve:

AP =
∫ 1

0
P(r)dr (9)

where P(r) denotes precision as a function of recall. When dealing with multiple vehicle
damage categories including accident-related structural damage, dents and scratches, the
mean average precision (mAP) is utilized:

mAP =
1
n∑n

n=1 APn (10)

With n representing the total number of categories. Collectively, AP and mAP provide
a rigorous and standardized evaluation of both detection and classification accuracy, offer-
ing a comprehensive perspective on the model’s performance across diverse damage types.

4. Results
4.1. Training and Evaluation Setup

To ensure fair and reproducible evaluation, experiments were conducted on the pub-
licly available Car Damage Detection dataset, where the entire benchmark is partitioned
into training, validation, and testing sets with a standard ratio of 80 percent, 10 percent,
and 10 percent, respectively, yielding an 8 to 1 ratio between the 3427 training images and
403 validation images. These samples cover common vehicle damage categories such as
dents, scratches, cracks, and accident-related deformations. During the training phase,
online data augmentation techniques are comprehensively deployed to enhance repro-
ducibility and model robustness. Specifically, the augmentation pipeline incorporates
mosaic augmentation with a probability of 1.0 to construct complex multi-object scenes,
mixup augmentation with a probability of 0.15 to blend structural boundaries, random
horizontal flips with a probability of 0.5, and random hue-saturation-value color space
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transformations to simulate diverse outdoor illumination environments, supporting consis-
tent training across diverse visual conditions.

To evaluate the capability of the framework under class imbalance, the class-wise
sample distribution of the CarDD dataset is explicitly examined. The dataset exhibits a
typical long-tailed distribution, where prominent categories such as scratches and dents
possess thousands of instances, whereas fine-grained categories such as cracks and tire
damage contain significantly fewer samples. This inherent imbalance is addressed within
our training pipeline through the application of advanced data augmentation to artificially
increase the exposure of rare defects, combined with the orientation-aware loss function
that penalizes localization errors more strictly on complex bounding boxes, preventing the
majority classes from dominating the gradient updates.

All experiments were performed in a high-performance cloud computing environment
equipped with an NVIDIA A100 GPU with 40 GB of memory. The computational setup
provided sufficient resources to support model training and evaluation efficiently. Detailed
hardware and software configurations are summarized in Table 2. To ensure absolute
reproducibility, all models were trained under a strict deterministic configuration with a
fixed random seed, eliminating stochastic optimization variance.

Table 2. Computational environment configuration.

Environment Configuration Value

Operating system Ubuntu 20.04 (Cloud Environment)
CPU Intel Xeon @ 2.20 GHz
GPU NVIDIA A100 (NVIDIA A100-SXM4)
RAM 40 GB

Development environment Cloud-based Jupyter
Programming language Python 3.12

During training, the model was optimized for 500 epochs using a batch size of 64, with
all input images resized to a resolution of 640 × 640 pixels. Stochastic gradient descent
was employed as the optimization algorithm with an initial learning rate of 0.01. This
optimizer is widely adopted in YOLO-based detection frameworks and is recognized for its
stable convergence behavior and strong generalization capability. To improve data loading
efficiency, 16 worker threads were utilized during the training process.

For performance evaluation, mean average precision at an intersection over union
threshold of 0.5 was selected as the primary metric, as it effectively reflects detection
accuracy across diverse vehicle damage scenarios. The overall training configuration was
carefully designed to achieve a balance between convergence stability, detection accuracy,
and computational efficiency, thereby supporting the practical applicability of the proposed
vehicle damage detection framework.

4.2. Comparison with Mainstream Methods

The proposed method is compared with several mainstream object detection algo-
rithms, including DETR, Faster R-CNN, YOLOv5n, YOLOv8n, and YOLO11n. Quantitative
results in terms of detection accuracy, computational complexity, and inference speed are
summarized in Table 2, where the inference speed (FPS) is measured under single-image
inference on an NVIDIA A100 GPU.

As shown in Table 3, DETR and Faster R-CNN exhibit higher model complexity,
with parameter sizes of 28.30 M and 36.74 M, respectively, and relatively lower inference
speeds. Although Faster R-CNN achieves a precision of 67.3%, its recall and mAP50-95
remain lower than those of the one-stage detectors. In contrast, lightweight YOLO-based
models demonstrate substantially higher inference speeds, with YOLOv5n and YOLOv8n

https://doi.org/10.3390/wevj17060290

https://doi.org/10.3390/wevj17060290


World Electr. Veh. J. 2026, 17, 290 13 of 21

exceeding 450 FPS while maintaining lower computational costs. Among them, YOLOv8n
achieves 66.5% mAP50 and 52.3% mAP50-95, whereas YOLO11n attains the highest recall
of 67.2% with the lowest GFLOPs and a compact parameter size of 2.58 M.

Table 3. Trade-off between accuracy and efficiency across detection models.

Algorithm Precision/% Recall/% mAP50/% mAP50–95/% GFLOPs Parameters/M FPS

DETR 64.7 63.7 65.3 50.9 36.8 28.30 118.6
Faster R-CNN 67.3 58.3 64.9 45.5 37.5 36.74 85.4

YOLOv5n 73.0 62.4 65.9 49.7 7.1 2.50 454.5
YOLOv8n 74.0 62.2 66.5 52.3 8.1 3.07 476.2
YOLO11n 69.5 67.2 67.4 52.8 6.3 2.58 434.8

OURS 70.3 65.8 67.9 53.8 8.9 2.65 416.6

Notably, while the proposed framework increases the computational complexity to
8.9 GFLOPs compared to the YOLO11n baseline it strictly remains below the 10 GFLOPs
threshold, which is widely recognized as an edge-level lightweight deployment scale.
In fine-grained vehicle damage detection, target regions often exhibit highly irregular
shapes and overlapping category features, inducing a natural trade-off or competitive
relationship between Precision and Recall. Therefore, evaluating a single metric in isolation
does not fully reflect the actual generalization capacity. The simultaneous improvement
in both mAP50 and mAP50-95 underscores the superior comprehensive localization and
classification capacity of our model, effectively lowering the joint risk of both missed
detections and false alarms.

The proposed method achieves strong overall performance across the evaluated met-
rics. Specifically, OURS obtains 70.3% precision, 65.8% recall, and 67.9% mAP50, while
achieving the highest mAP50-95 of 53.8% among the compared lightweight models. At the
same time, OURS maintains a compact model size of 2.65 M parameters and achieves an
inference speed of 416.6 FPS, indicating a favorable balance between detection accuracy
and computational efficiency. The low parameter count and constrained GFLOPs of the
proposed framework inherently guarantee its architectural efficiency and readiness for
practical deployment on resource-limited edge devices, independent of specific hardware
training environments. By maintaining the algorithmic complexity strictly below the ten
GFLOPs threshold, the framework demonstrates a strong theoretical readiness for embed-
ded migration, ensuring that the network can be efficiently mapped onto commodity edge
processors without suffering from structural memory bottlenecks.

To further compare the performance of different methods across multiple accuracy
metrics, Figure 5 presents a normalized heatmap of Precision, Recall, mAP50, and mAP50-
95, where each metric is normalized with respect to the best-performing method. This
visualization highlights the relative strengths and weaknesses of different detectors in a
unified manner.

As shown in Figure 5, DETR and Faster R-CNN exhibit lower normalized scores across
several metrics, particularly in recall and mAP50-95. Among the YOLO-based lightweight
models, YOLOv5n and YOLOv8n demonstrate high normalized precision and mAP50
values, while YOLO11n achieves the highest normalized recall score and maintains strong
performance on both mAP-related metrics.

The proposed method achieves consistently high normalized scores across all eval-
uated metrics. Notably, OURS attains the highest normalized values in both mAP50 and
mAP50-95, while remaining competitive in precision and recall. These results indicate that
the proposed method offers relatively stable and balanced detection performance across
different evaluation criteria.
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Figure 5. Heatmap of normalized detection accuracy metrics for different object detection methods.

Figure 6 illustrates the training and validation curves of the proposed method, includ-
ing box loss, classification loss, and distribution focal loss, as well as the corresponding
evaluation metrics across training epochs. Both training and validation losses exhibit a
clear downward trend and gradually converge as training progresses, indicating stable
optimization behavior.

Figure 6. Training and validation curves of the proposed vehicle damage detection model.

Specifically, the training losses decrease rapidly during the early epochs and continue
to decline smoothly thereafter. The validation losses follow a similar trend, remaining
close to the training losses throughout the training process without significant divergence.
This consistency suggests stable convergence and does not indicate obvious overfitting
during training.
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In terms of detection performance, precision, recall, mAP50, and mAP50-95 increase
steadily with training epochs and reach stable values in later stages. Both mAP-related
metrics show smooth convergence, with mAP50-95 consistently improving alongside
mAP50. These results demonstrate that the proposed method achieves stable training
dynamics and reliable performance convergence.

To further evaluate the fine-grained classification performance across distinct damage
categories, Figure 7 presents a normalized confusion matrix of the proposed framework.
The empirical results demonstrate that the proposed method achieves strong performance
on macro-level structural damages. Specifically, OURS obtains an outstanding accuracy
of 99% for glass shatter, 92% for tire flat, and 81% for lamp broken, indicating that the
framework successfully captures the distinctive geometric features of these prominent
categories. Conversely, the framework faces challenges with fine-grained surface anomalies,
where OURS achieves a lower accuracy of 52% for dents, 58% for scratches, and 30% for
cracks. The primary source of error stems from false negatives, where 69% of cracks, 42%
of dents, and 40% of scratches are misclassified as background. This is heavily attributed
to the subtle physical footprints of surface anomalies, which are frequently masked by
complex ambient lighting, specular reflections on the vehicle body, or low contrast against
intact panels. Additionally, a slight cross-misclassification of 6% exists between dents and
scratches due to their overlapping feature boundaries. This visualization highlights the
precise operational boundaries and category-wise capabilities of the proposed model in a
unified manner, providing crucial insights for real-world deployment.

Figure 7. Category-Wise Performance Analysis.

Qualitative detection results on representative test images are provided to further
evaluate the effectiveness of the proposed method across different damage categories. The
visual examples, as shown in Figure 8, cover common vehicle damage types, including
dent, scratch, crack, glass shatter, lamp broken, and tire flat.
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Figure 8. Qualitative detection results of the proposed method on representative vehicle damage images.

The proposed method is able to localize damage regions with compact bounding boxes
and assign category labels with relatively high confidence scores. For surface-level damages
such as dents, scratches, and cracks, the model successfully captures fine-grained visual
characteristics, even when the damaged areas are relatively small or located in complex
background regions. For structural damages such as shattered glass, broken lamps, and
flat tires, the detection results remain precise and visually consistent.

Overall, the qualitative results suggest that the proposed method maintains reliable
detection performance across diverse damage categories and challenging visual conditions.
The accurate localization and stable classification outcomes further confirm the effectiveness
of the model in practical vehicle damage detection applications.

4.3. Ablation Experiment

To evaluate the contribution of each proposed component, ablation experiments are
conducted by progressively enabling the Slim-neck structure, the BRA module, and the
SIoU loss. The quantitative results are summarized in Table 4.

As shown in Table 4, the baseline model achieves 67.4% mAP50 and 52.8% mAP50-
95. Introducing the Slim-neck alone leads to an improvement in precision, increasing
it from 69.5% to 71.6%, while mAP50-95 is improved to 53.9%. When only the BRA
module is applied, the overall performance shows a slight decline compared to the baseline,
suggesting that this module may require complementary structural optimization to fully
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realize its benefit. In contrast, using SIoU alone improves both precision and mAP50-95,
indicating its positive contribution to localization accuracy.

Table 4. Ablation results of modules in the proposed framework’s performance.

Slim-Neck BRA SIoU Precision Recall mAP50 mAP50–95 GFLOPs

× × × 69.5 67.2 67.4 52.8 6.3√
× × 71.6 64.8 66.8 53.9 6.3

×
√

× 69.6 64.5 66.2 52.5 8.9
× ×

√
71.1 65.5 67.4 53.0 6.3√ √

× 70.0 65.0 67.2 53.7 8.9√
×

√
69.0 65.8 67.4 53.1 6.3

×
√ √

70.8 65.8 66.8 53.5 8.9√ √ √
70.3 65.8 67.9 53.8 8.9

To provide a transparent evaluation of architectural efficiency, the module-wise com-
putational complexity quantified via GFLOPs has been systematically integrated into the
ablation matrix in Table 4. The baseline model establishes an initial computing bench-
mark of 6.3 GFLOPs. Empirical data indicates that incorporating the Slim-Neck module
maintains the structural complexity at exactly 6.3 GFLOPs, quantitatively validating the
exceptional lightweight channel-mixing capability of the GSConv framework. The pri-
mary computational variation occurs with the integration of the dynamic bi-level routing
attention module, which scales the computational load to 8.9 GFLOPs. This incremental
overhead remains strictly bounded below the ten GFLOPs threshold optimization curve
required for edge hardware deployment, proving that our integrated configuration achieves
an optimized trade-off between semantic representation accuracy and real-time processing
constraint parameters.

When combining two components, further performance gains are observed. The
combination of Slim-neck and SIoU maintains stable accuracy across all metrics, while
the combination of BRA and SIoU improves precision and mAP50-95 to 70.8% and 53.5%,
respectively. The joint use of Slim-neck and BRA results in balanced performance across
precision, recall, and mAP metrics.

When all three components are integrated, the model achieves the best overall perfor-
mance, reaching 67.9% mAP50 and 53.8% mAP50-95. Precision and recall are maintained
at 70.3% and 65.8%, respectively. These results demonstrate that the proposed components
are complementary and collectively contribute to improved detection performance.

To further analyze the impact of each component, the relative performance improve-
ments over the baseline model are illustrated in Figure 9. The figure presents the variations
in precision, mAP50, and mAP50–95 under different component combinations, providing a
clearer understanding of the contribution of each module.

As shown in the figure, introducing the Slim-Neck structure leads to a notable im-
provement in precision, with an increase of 2.1 percent, while mAP50 exhibits a slight
decrease and mAP50–95 improves by 1.1 percent. The bi-level routing attention mod-
ule alone produces only a marginal improvement in precision but results in a reduction
in mAP50, whereas the use of SIoU leads to simultaneous improvements in precision
and mAP50–95. When two components are combined, different performance trade-offs
can be observed. The combination of Slim-Neck and bi-level routing attention improves
mAP50–95 by 0.9 percent, Slim-Neck combined with SIoU slightly reduces precision while
enhancing mAP50–95, and the combination of bi-level routing attention and SIoU provides
more balanced improvements in both precision and mAP50–95.
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Figure 9. Relative performance improvements of different module combinations over the base-
line model.

When all three components are integrated, the model achieves consistent performance
gains across all evaluated metrics. Precision, mAP50, and mAP50–95 increase by 0.8 percent,
0.5 percent, and 1.0 percent, respectively. Compared with configurations using only single
or paired components, the full configuration yields the most stable and comprehensive
performance improvement.

As summarized in Table 4, isolating individual modules initially causes minor fluc-
tuations in baseline performance. Specifically, incorporating the Slim-Neck alone reduces
feature redundancy but slightly restricts the initial channel capacity, resulting in a marginal
drop in mAP50 to 66.8% while refining localization accuracy. Conversely, applying the BRA
module alone introduces dynamic sparse attention over unpurified features, leading to
background noise interference and a drop in mAP50 to 66.2%. Crucially, when combined,
the Slim-Neck acts as a structural purifier that filters background noise, allowing the BRA
module to precisely capture long-range contextual dependencies. This synergistic effect
eventually achieves the optimal comprehensive performance.

5. Discussion
The experimental results demonstrate that the proposed method delivers competitive

or superior performance on mAP50 and mAP50-95 compared with mainstream lightweight
YOLO-based models, while maintaining a compact model size and high inference speed.
This indicates that the proposed design effectively improves overall detection quality
without introducing excessive computational overhead, which is critical for real-time and
resource-constrained deployment scenarios.

The normalized heatmap analysis further highlights the robustness of the proposed
method across multiple evaluation metrics. Unlike some baseline models that exhibit
strengths in individual metrics but weaknesses in others, the proposed method shows
consistently high normalized scores in precision, recall, and mAP-related metrics. This
balanced performance suggests improved generalization across different IoU thresholds
and damage categories, rather than optimization toward a single evaluation criterion.

Training and validation curves provide additional evidence of stable optimization
behavior. The smooth convergence of losses and the consistent improvement of preci-
sion, recall, mAP50, and mAP50-95 indicate reliable training dynamics without obvious
overfitting. Such stability is particularly important for practical applications, as it reflects
robustness to dataset variations and training conditions.

Qualitative visualization results further support the quantitative findings. OURS
demonstrates accurate localization and reliable classification across diverse vehicle damage
types. The ability to precisely detect small or subtle damage regions under complex
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backgrounds suggests strong feature representation capability, which aligns with the
observed improvements in mAP50-95.

The ablation experiments provide insight into the contribution of individual com-
ponents and their combinations. While single modules offer limited or metric-specific
improvements, combining multiple components leads to more consistent gains. In particu-
lar, the full configuration achieves the most balanced improvement across precision, mAP50,
and mAP50-95, indicating that the proposed components complement each other effec-
tively. The relative improvement analysis further confirms that the joint design mitigates
performance trade-offs observed in partial configurations.

Despite the measured performance improvements, a critical analysis of the frame-
work reveals specific operational limitations and failure modes. As illustrated by the
category-wise performance analysis, the framework experiences degradation when de-
tecting subtle surface anomalies such as cracks, scratches, and dents. The primary failure
mode stems from false negatives, where these fine-grained deformations are misclassi-
fied as background panels. This vulnerability is highly pronounced under challenging
environmental conditions, including intense specular reflections on glossy car bodies, non-
uniform ambient lighting, and instances of extremely low contrast between the defect
and intact paint. Furthermore, a minor computational trade-off exists within the design.
The integration of advanced feature refinement modules introduces a slight increase in
GFLOPs and a marginal reduction in frame rate compared with the native baseline. Al-
though the remaining throughput of 416.6 FPS is vastly sufficient for standard real-time
deployment, this trade-off highlights that further structural optimization is necessary for
extreme hardware-constrained scenarios. Acknowledging these specific scenarios where
the framework struggles provides a realistic boundary for its real-world application.

Although the experimental results demonstrate stable performance under diverse
environmental constraints, validating the network on completely external cross-domain
datasets represents a meaningful direction for our future work to further map the universal
generalization boundaries of the framework.

6. Conclusions
In this paper, we propose an efficient object detection method for vehicle damage

detection by integrating multiple lightweight design strategies. Extensive quantitative
comparisons, normalized metric analyses, training convergence behaviors, qualitative visu-
alizations, and ablation studies thoroughly confirm the effectiveness and robustness of the
proposed framework. The empirical results demonstrate that the individual components
jointly contribute to improved detection accuracy and stable performance across different
evaluation categories while preserving high inference speed and a compact model size.
Future work will focus on extending the method to more complex damage categories, de-
ploying the framework onto physical low-power edge platforms for hardware-in-the-loop
optimization, and exploring its applicability to broader real-world inspection tasks.
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