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A vehicle damage classification model incorporating dual attention and
weighted dynamic convolution

ZHAI Yongjie, WANG Zixuan, ZHANG Zhenqi, ZHOU Xunqi, WANG Qianming

(Department of Automation, North China Electric Power University, Baoding Hebei 071003, China)

Abstract: To address the challenges of morphological similarity and the resulting difficulty in classifying vehicle
damage images uploaded by clients for auto insurance claims, a model named ResAWDNet was proposed for vehicle
damage classification. Firstly, to effectively augment the model’s capacity for extracting damage features, the
traditional down sampling operation was replaced with weighted dynamic convolution. This approach dynamically
adjusted the weights of convolutional kernels based on the input features, thereby enhancing the model’s adaptability
to features of varying scales and orientations. As a result, it enabled more precise capture of the subtle differences in
vehicle damage. Secondly, to ensure that the model could concentrate on the salient discriminative regions and feature
channels within the images, a dual attention mechanism was embedded after the convolutional layers of the backbone
network. This mechanism concurrently learned the important weights in both spatial and channel dimensions,
significantly enhancing the model’s ability to capture crucial information. Consequently, it further enhanced the
decision-making accuracy of the model in the task of vehicle damage classification. Finally, experimental validation

was conducted based on a dataset of vehicle damage images sourced from real accident cases. The experimental
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results demonstrated that the ResAWDNet model was feasible and offered significant advantages for vehicle damage

classification tasks, achieving an accuracy rate of 73.79%. Compared with baseline models, ResAWDNet achieved

higher accuracy in classifying multiple types of damages, robustly validating the effectiveness of the proposed model.

Keywords: intelligent damage assessment; image classification; deep learning; attention mechanism; dynamic

convolution
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Fig. 1 Display of the ten injury types ((a) Loss; (b) Glass breakage; (c) Glass scratches; (d) Mild deformation; (¢) Moderate
deformation; (f) Severe deformation; (g) Misalignment; (h) Tearing; (i) Body scuffing; (j) Body scratches)
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Fig. 5 Training process accuracy and loss curve
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Table 5 Comparison of the effects of attention

mechanisms

L] Acc 1% Acc 5%
Baseline 71.88 97.24
Baseline+SE™®Y 72.32 97.48
Baseline+tCBAM*! 72.53 97.74
Baseline+tEMA7 72.85 97.33
Baseline+EPSA® 72.61 97.36
BaselinetECA! 72.93 97.62
BaselinetRGA! 72.49 97.35
Baseline+CPCA** 72.61 97.22
BaselinetDAM 72.97 97.14
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Fig. 6 Visualization comparison results before and after the introduction of the dual attention mechanism
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Table 6 Comparison of classification effects by injury type/%

i Baseline ResAWDNet
Acc Pre Acc Pre
FEA 79.26 83.75 82.10 81.56
BE RSN 76.64 75.08 77.96 81.72
PrIZUN 64.95 73.49 71.06 74.16
rp BRI 25.75 43.86 30.99 49.04
BREAY 51.81 49.68 49.80 49.60
Flk 73.60 7278 80.09 74.11

G 90.73 88.09 92.25 86.33
B 73.89 68.72 75.13 71.23
T 52.99 67.95 61.44 62.47

iz 63.87 68.63 67.90 77.03
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Table 7 Comparison with other models

TR Acc_1/% Acc_5/% Flops Params/M
AlexNet?! 57.22 9251 309.16 M 14.60
GoogleNet"®"! 62.17 9433 1.58G 6.99
MobileNet**! 58.08 94.02 327.55M 3.50
ShuffleNet!*”! 71.93 97.48 15271 M 228
DenseNet!*! 72.72 97.11 290 G 7.98
EfficientNet!*!! 69.80 96.97 412.83 M 5.29
RegNet! 72.77 97.65 207.35M 232
EfficientNetv2!**) 71.97 97.01 289G 21.46
FasterNet!**! 73.36 97.74 445G 31.18
RepLKNet!*! 72.75 97.52 - 304.66
StarNet!*! 60.28 94.48 42733 M 2.87
ResNet!!” 71.88 97.24 413G 25.56
VIT-B16 64.59 95.97 16.88 G 103.03
Vision Transt . VIT-B32 68.53 97.02 437G 88.19
1S10n lransrormer
VIT-L16 7232 97.90 59.69 G 304.12
VIT-L32 66.08 96.64 1528 G 328.89
SwinT-T 72.76 97.60 437G 2827
Swin Transformer!**! SwinT-S 73.11 97.20 8.55G 49.56
SwinT-B 72.90 97.65 23.57G 109.07
MobileViT*! 72.19 97.29 273.67M 127
ResAWDNet 73.79 97.68 3.94G 26.42
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Table 8 Comparison on the CarDD dataset

eiil Acc_1/% Acc_5/%
ShuffleNet"®”! 58.77 99.60
DenseNet!*"! 59.09 99.84
FasterNet!*! 54.81 99.75
ResNet!!”! 59.18 99.51
VIT-L16M7 58.85 99.76
SwinT-Si 59.82 99.68
MobileViT*! 60.15 99.78
ResAWDNet 60.43 99.68
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