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Mobile Phone Appearance Defect Detection Based on Improved YOLOVS5
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(1. CYG Vision Technology( Zhuhai) Co. , Ltd, Zhuhai 519085, China; 2. School of Computer Science
and Technology, Changchun University of Science and Technology, Changchun 130013, China)

Abstract: An improved mobile phone appearance defect detection algorithm-YOLOvS5-CBE is proposed. Based on the
YOLOVS framework, the algorithm adds coordinate attention ( CA) mechanism in C3 module of backbone network,
which can consider the relationship between channels and location information at the same time, so that the model can
locate and identify the target area more accurately. According to the idea of Bidirectional feature pyramid network
(BiFPN) , the concat module of Neck part is replaced with multi-scale feature fusion structure, so that features of
different resolutions can be fused more effectively. Focal-EloU replaces the bounding box regression loss function CloU
in the original model, and the regression process focuses more on high-quality samples and improves positioning
accuracy. The test is carried out on the data set of mobile phone appearance defects taken by industrial cameras. The
results show that compared with the YOLOvS model, the recall rate and average accuracy mean (mAP50) of YOLOvS
model based on Focal-EloU increases by 4. 7% and 1. 9% respectively. The precision, recall and mean average
precision (mAP50) of the improved algorithm all be improved significantly by 1.2% , 5.6% and 5.3% respectively.
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Tab.1 Comparison of experimental results of YOLOvS model on test set under different bounding box regression loss

AP
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Rilf 1% &t 220
YOLOVS + GloU 0. 600 0.704 0.814 0.706 0.651 0.695
YOLOvS + DloU 0.599 0.703 0.824 0.709 0.753 0. 669
YOLOvS5 + CloU 0.633 0.683 0.820 0.712 0.771 0. 662
YOLOV5 + EloU 0. 662 0.691 0.811 0.721 0.668 0.706
YOLOVS + Focal — EloU 0.659 0.688 0. 846 0.731 0.716 0.709
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Tab.2  Model metrics change on the test set under different improvements
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it I B A5 YOLOVS-CBE 78 421 9 4% Hh % i
C3CA #H ¥t Neck F53H concat £53F5 4k BiFPN-
WEF 5k, 14 FHES 2K ek £ il CloU B 0 Focal-
EloU, F- I H] T8 A~ [ 5 AL TR g DU A5 75 % ol st A 1Y
FEDEE T EATIN, WA [) S0 o B B P B A A
MREI . AR 2 FTLATE Y, 76 T R45 10 C3 i

42

A CA J5 M YOLOVS JEfti) B a5 42T+ T 5.4%
mAPS0 $2 7+ T 1. 3% , (A5 5 K Fl mAP5095 4 fF N
B, ¥ BiFPN-WFF #5552 He Neck 7843 1Y concat fi&E
PR T YOLOVS ARAITEH B3 42T} T 6.2%
mAP50 $2FF T 2. 5% , mAP50-95 15 3L Rl 4 700 A1 24 | 4
WAL T RAL AL, 4 CloU F 4y Focal-EloU,
YOLOv5-CBE AH ¢ T Jit £ &Y, 75 4% o 28, A [l %
mAP50 [ mAP50-95 | ¥IE R4S, s nlie At 17 1.2% |
5.6% .5.3% 0.13% ,

R4 s T Sl e B 7 FAILS DS B s S
ARSI A R 6T BTSN BB B R A A —
AXT L, T RGBT A — b s 5B
1, YOLOVS 5 i 46 b b , YOLOvS-CBE 35 4 31



A, S AL EMG D, el T — A i A R AN P
i, YOLOVS B i /6 B 42, YOLOVS-CBE 1] LA i
H YOLOVS ¥ Hrh— Qb ilh A3 SR 2R A6 s o 7RSS =
UL Xf oIl Hf, YOLOVS Y5265 475 filt B 2 A Sk Al A7 Bl
Ff , YOLOv5-CBE 5 LU &5 (19 B 5 B IE Sk s, (R T
Bz AL RE

(b) YOLOV5

(c) YOLOvV5-CBE

B4 BHREREEFHIIMSURELRESE EHENER
Fig.4  Detection results of the model before and after the improvement

on the mobile phone appearance defect dataset

3 Hit

BT YOLOvS 42 17— Fiide it i T LA WLk e A
M3 YOLOVS-CBE , 78 =T M 2% ) C3 BB HhEs i A
PR LS (CA) |, a5 T AT (G RRAE R A B8 7, 48
TR IR B, {54 BIFPN AR T A 7] J2 RO [
SrPER I RRIE W] 2 2] I AEE T, (H RR AR AL A 5 i g
AR REIE SRR RE ) = TR B A S DR A
P B BB AT ARG FE . £1XF CloU AR /2, 5| A Focal-
EloU i) FHAE [l H 451 2% pRAR, i — DB T i 1) 7 A7
W BE. 280 45 SR £ W, YOLOVS-CBE 55 ik M % T
YOLOvS FERIAENE B 6 | 73 0] 58 F1 - S5085 6 77 11 44
193] T HRETE, B LTS W RORS B, et H T
BLAM BB A AT 55+

Sk

[1] Wang T,Zhang C,Ding R, et al. Mobile phone surface defect detection

based on improvedfaster R-CNN [ C ]//2020 25th Inlernational
Conference on Pattern Recognition (ICPR) ,2021.

[2] PR W, T, 55 TSR IER L= S kiR [T].
HERE A5 B R ,2022,52(06) 1002 - 1039,

[3] Ren SQ,He KM, Girshick R, et al. Faster R-CNN; towards real-time
object detection with region proposal networks[ J]. Advances in Neural
Information Processing Systems,2015,28:91 —99.

[4] Liu W,Anguelov D,Erhan D,et al. SSD:single shot multibox detector
[ C]//European Conference on Computer Vision. Berlin: Springer,
201621 -37.

[5] Redmon J,Divvala S, Girshick R, et al. You only look once: unified,
real-timeobject detection [ C]// Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition Piscataway, NJ: IEEE,
2016:779 —788.

[6] Redmon J, Farhadi A. YOLO9000: better, faster, stronger [ C]//
Proceedings of the[EEE Conference on Computer Vision and Pattern
Recognition. Piscataway, NJ;IEEE ;2017 ;7263 - 7271.

[7] Redmon J, Farhadi A. Yolov3:an incremental improvement [ EB/OL ].
(2018 —04 —08)[2021 =02 -20]. hitps://arxiv. org/abs/1804. 02767.

[8] Bochkovskiy A, Wang CY, Liao HYM. YOLOv4: optimal speed and
accuracy ofobject detection [ EB/OL]. (2020 —04 -23)[2022 -01 -
20]. https://arxiv. org/abs/2009. 10934.

[9] Jocher G. Yolovs [ EB/OL].[2022 -02 —20]. https://github. com/
ultralytics/yolov5.

[10] Uik ey, Fhak, BV , A5, 43 ) T Bl BE KM J7 4 YOLOV3I[J].

MK (B4R ) ,2023,61(03) :612 - 622.

[11] 222, e, BT ot YOLOVS A 3% Bl b 46 I 5 sk i s [ 1.
fFRHAREEE46,2023(01) :50 - 53.

[12] Hou QB,Zhou DQ,Feng JS. Coordinate atlention for efficient mobile
network design[ C]//Proceedings of the 2021 TEEE/CVF Conference
on Computer Vision and Pattern Recognition. Nashville, NJ: IEEE,
2021:13713 -13722.

[13] P, 5 ME 0, e, 46, 6 T 1 2 01 51 S 00 19 5 Ay 4 AR
SILT]. AL LR ,2022,48 (07) 1300 - 306.

[14] Tan MX, Pang RM,LE QV. Efficient DET: scalable and efficient
object detection [ C ]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Seattle, NJ: IEEE ;2020 .
10778 -10787.

[15] Rezatofighi H, Tsoi N, Gwak JY, et al. Generalized Intersection Over
Union: A Metric and a Loss for Bounding Box Regression[ C]//2019
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR). IEEE,2019.

[16] Zheng ZH,Wang P,Liu W, et al. Distance-IoU loss: faster and better
learning for bounding box regression [ C]// Proceedings of the 34th
AAAI Conference on Artificial Intelligence. PaloAlto; AAAI Press,
2020,34(07) :12993 - 13000.

[17] Zhang YF,Ren W, Zhang Z, et al. Focal and efficient IOU loss for
accurale bounding box regression [ J]. Neurocompuling, 2022, 506
(09) :146 - 157.

43



