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Efficient Damage Detection Segmentation Algorithm of Vehicle Body Surface

LIN Shaodan', FENG Chen?, CHEN Zhide?, ZHU Kexin’

(1. College of of Information and Intelligent Transportation, Fujian Chuanzheng Communications College, Fuzhou 350007, China;
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Abstract: Car body surface damage detection is a classic problem in computer vision. The main bottleneck
of car body surface damage detection lies in the different scales of damage instances in the image, which
affects the accuracy and efficiency of segmentation. In this paper, we use a single-stage semantic
segmentation network (YOLACT ") for damage detection on the car body surface, combine EfficientNet
to design a backbone network to improve segmentation efficiency, and improve the loss function
optimization YOLACT " to generate the target instance Mask in the experiment. Experimental data are
marked by deep learning, and results show that the improved YOLACT "' detection frame rate is
increased to 35 frame/s, which reduces the mask generation error and improves the instance segmentation
accuracy of YOLACT ™.
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Fig.2 Damage detection of car body surface based on improved YOLACT ™"
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£1 AEEFMNLE YOLACT #HE SR
Table 1 YOLACT™ model parameter table of different backbone networks

Basic CNN I:Zri;“l\gr gﬁ‘;‘f\i; ﬁ(qﬂ" rp’ff / U ik i 1]
ResNet101 41.79 205.4 23.16 18 h 23 min 22 s
ResNet50 20.20 129.9 26.47 15h 43 min 54 s
MobileNetV2 7.56 31.9 35.21 8h 36 min 17 s
VGG16 60.39 253.3 34.95 11h28min0s
DarkNet53 45.40 190.7 29.33 13 h 38 min 28 s
EfficientNet-BO 10.93 46.1 35.57 5h53min24s

®2 KHHIE YOLACT #ERKER L&
Table 2 Comparison table of YOLACT™ gradient loss befor and after improvement

oL o
. % BREL
Box-loss Mask-loss Class-loss
EfficientNet-BO 2.10 3.40 2.15
EfficientNet-BO(Loss improved) 2.08 2.03 2.14
®3 RATEMEIHH mAPLLER R
Table 3 Comparison of mAPs using different loss functions

A I0U, 10U [0Uq 5 10U I0Uqe 10Uz IOUgs 10U5 [0Uqg 10U 5 TOU g

Box 16.01 41.01 35.18 28.77 21.63 1561 991 4.77 188 1.10 0.25
Mask  9.14 29.95 23.27 16.77 10.73 6.00 2.75 1.37 0.33 0.25 0.00
EfficientNet-BO Box 16.95 4258 36.81 30.55 23.39 16.72 10.62 548 2.08 1.08 0.20
(Loss improved) Mask  9.25 31.82 23.61 17.03 10.27 543 2.22 0.99 0.50 040 0.20

EfficientNet-B0O

Sy 5B AR R B G E B O LR AN I 4 B o AR 4 nl L H Bl S 0 AR R T 7 AR B Mask B
JE A A R AIK , OR A

FAG/H TR YOLACT " 5 HABAR =M E) YOLACT B E#HURME, LS RER T
ARSI Mask b5 (H B A, RALROR 8 0 .35

—VGG16 R4 AEETF M Mask 5 KB L=
6F L.%ZZ%Z{IS%I Table 4 Mask loss comparison of different back-
+ MoblieNetV2
25, —-DarkNet53 bone networks
e i <« EfficientNet-B0
o 4L ¥ * EfficientNet-B0 (Improved) Basic CNN Mask-loss
8 T g
| X ResNet101 2.31
5 ResNet50 2.39
0 20 40 60 80 100 120 MobileNetV2 3.32
- Ser VGG16 2.49
P4 Mask A UBS B2 451 34 E 34X L A
. . . DarkNet53 2.56
Fig.4 Comparison of trend of gradient loss rate
EfficientNet-BO(Improved) 2.03

generated by the Mask
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5350 AED Gk ks £ T R 4% VGGL6  MobileNetV2 il EfficientNet-BO 43 5] 15 MaskIOU-Net /E 1§ iy
TERSE I GRE R A mAP BEATX L, LEACSE R 5.
£5 RAREEMETWENmAP LEE

Table 5 Comparison of mAP using different basic backbone networks

Basic CNN 10U, 10Uq5 10U, 5 I0Uqs 10U 5 10Uq; 10U 5 10U g 10U g I0Ugg 10U

Box 6.55 20.32 15.89 11.43 793 4.68 2.67 148 1.07 0.03 0.01

Mask  3.63 14.49 10.3¢ 6.02 334 1.51 044 0.08 0.03 0.00 0.00

Box 15.30 40.67 34.68 28.58 21.22 1457 853 3.56 0.98 0.15 0.10

Mask  9.27 29.16 2299 16.92 11.24 6.76 3.37 1.26 0.50 0.50 0.03

EfficientNet-BO(Im- Box 16.95 42.58 36.81 30.55 23.39 16.72 10.62 548 2.08 1.08 0.20
proved) Mask  9.25 31.82 23.61 17.03 10.27 543 2.22 0.99 050 040 0.20
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HAr e g R, &k 00
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