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Surface defect detection of titanium rod based on YOLOvS8
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Abstract: The surface crack detection and localization for titanium bar polishing was identified as a fundamental step in
the manufacturing of titanium profiles. To address the issues of low detection accuracy, poor generalization ability. and
low computational efficiency of traditional target detection models for narrow cracks, an improved YOLOv8s model
named DEBM-YOLO was proposed. The ELA attention mechanism was added to capture long-range spatial
dependencies of cracks. The DCNv3 convolution module was adopted to enhance the receptive field and representation
ability of the backbone network. A bidirectional weighted feature pyramid structure replaced the original feature
pyramid structure in YOLOv8 to improve multi-scale feature fusion. Finally, MPDIoU was used instead of CloU to
boost generalization performance and convergence speed. Experiments on a dataset captured in real environments
showed that the improved DEBM-YOLO model reduced the number of parameters by 4.5%, increased precision by
1.9%, raised mAP@0.5 by 1.4%, mAP@0.5:0.95 by 1. 9%, and recall by 4. 9%. The model now achieves both
enhanced detection accuracy and lightweight design.

Keywords: object detection;deep learning;surface defect detection of titanium rod; YOLOv8; DCNv3
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Table 1 Ablation experiments
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1 X X X X 79. 3 74.9 81.2 61. 4 11.1
2 J X X X 78.0 79.3 82.5 62. 5 10.5
3 X J X X 80. 9 76.9 82.3 62.6 11.1
4 X X J X 82.5 76. 4 82. 2 62.7 11.1
5 X X X N 81. 4 78.1 82.7 62.5 11.1
6 N J 80. 2 78.8 81.5 61.2 10.5
7 J N NG 82. 1 79. 1 81.0 61.9 10. 6
8 J N NG N/ 81.2 79.8 82. 6 63.3 10. 6

2 1Al A, s E S B9 YOLOvSs 46 B 75 5 it fl it
BB B T A SR AR [R) B FE mAP50 F1 mAP5S0:
95 P IUZ.OITAL P bR B OR R T m K E R, HE TR
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Fig. 10 PR curves of DEBM-YOLO
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Table 2 Comparison of result of experiment

K P/ R/ mAP50/ mAP50: Params/

%% % 95/ % M

RT-DETR-1 80.7 78.3 79.6 61.3 31.9
Yolov5s 78.7 73.7 80. 3 61.3 9.1
Yolov7 84.7 74.1 71.3 57.8 36. 4
Yolov6s 77.7 77.3 79.6 60. 3 16. 3
Yolov8s 79.3 74.9 81.2 61.4 11.1
YOLO-SEA 81.3 76.1 80. 1 60. 1 11.1
YOLO-GEAR 79.1 74.9 75.4 58. 8 6.2
DEBM-YOLO 81.2 79.8 82.6 63.3 10. 6
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e YOLOV7 1% 3. 5%, bt YOLO-SEA 1 0. 1% ;{73 [0 % |

e 61



948 & 2 F o

T # K

mAP50 il mAP50: 95 4¢ 3 4~ 48 #x L. & X ) DEBM-
YOLO ¥ 8 M Al vh iy, Hoh R 24 79.8% .8 P {H
& E YOLOVTs & 5. 7% . mAP50 . mAP50: 95 N 43 5 #
FE11.3% M 5. 5% L AR IS R AR T . B R B 8L
FTBE (1 52 I 5 2R, 24 80 1 T K XoF J5 52 Bk s 114 5k B2 i
K BT LA [ 8 g 42 v T DG

7E % ¥ & J7 i, DEBM-YOLO £ ¥ & i # RT-
DETR.YOLOv6s,YOLOv7 ,YOLOv8s %3 % F % 66. 7% .
34.9%.70. 8 %6 A 4. 5% , ALt YOLO-GEAR #5% % 2 %
-2 DEBM-YOLO 9 £5 & #0468 K K8 F YOLO-
GEAR. 7EfRIESES# DU M Bl i A 32 T, B R 4% otk i SR
B,

Zi L ik , DEBM-YOLO 7E £ 5 % = # ) 1 6 14 [
W, R TR SRR B E R, BT E A
B 25 Pk R 0 0L FE VS 0

3) B GHr

TE IS [ il 28 Gk B Y B 9E 2R 43 0 T AR A
(YOLOvS8s) , flgh ¥ # # (DEBM-YOLO) #4740, %t kb
SERIE 11 fiR . W LU B, 78 XA [ B 2k 3% B 1Y
R o, JE AR B AL 35 B T — %E AR K, 1 DEBM-YOLO
AT DA A . R, AR R 11 58 2 AT PR W SR RO ER
3. DEBM-YOLO kil i T ¥ )2 /Y 2% 1 XK , X ¢ B 4%
BT HeRe h S et a gt

gt

(b) DEBM YOLO

(a)YOLOV8

K 11 YOLOvS8s 5 DEBM-YOLO 8 51 % 5 % L
Fig. 11  Comparison of detect results of YOLOv8s and DEBM-YOLO
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