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Abstract: Precision components are widely used in various industries, including national defense,
medical devices, aerospace, and electronics. They are among the fundamental elements for realizing
the grand vision of “Made in China 2025.” However, during the processing of precision components,
surface defects such as cracks, pitted-surfaces, and scratches are inevitable, which leads to a decline
in the quality and precision of the components. Furthermore, these surface defects will affect the per-
formance and lifespan of the equipment. Therefore, effective detection of surface defects is crucial.
To address the issues of missed and false detections of metal surface defects and to improve detection
accuracy, this paper proposes an improved YOLOvSs model for surface defect detection in metal com-
ponents. First, considering that metal surface defects often present as streaks or spots which express

as relatively simple types, a lightweight GhostC3 module is designed by generating feature maps using
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fewer parameters and resulting in reduced computational complexity. Second, given the characteristics

of defects such as pitted-surfaces and rolled-in scale which are generally small and unevenly distribu-

ted, a Concat_BiFPN module based on a bidirectional feature pyramid network was designed. This

module makes full use of the ability of BiFPN to fuse features at different scales, and improves the ac-

curacy and stability of small target detection. Finally, the SloU loss function is utilized, which consid-

ers the shape and spatial relationships of targets to better capture the positional relationships of differ-

ent targets among the image, thus resulting in enhancing the precision of target localization. Ablation

and comparative experiments on the NEU-DET dataset demonstrate that the proposed method achieves

higher multi-class average precision with a significantly reduced number of parameters.
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Fig.4 NEU-DET dataset
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Precision F1 Recall 718/ 4n=(2) fi=(3)
FRi7R LR AR A B S B A S S S n 4k 1

FR o
TP

Precision = TP + FP’ (2)
TP
Recall—TP+FN, (3)

Horp TP ARZEAEA True , FEERIFHNA Positive ;
FN:HRZAE N False , BRI Negative ;
FP . HRZS(H K False , fE IR fy Positive ;
TN AR (Y True, BORHIY Negative,

x1 FLWIMBFMARE
Table 1  Detailed configuration of the experimental environ-
ment
28 i & 1505
BIERG Ubuntu 20. 04
Qb PR Intel Xeon Gold 6226R@2.9GHz
GPU RTX-3090 24G
S LS CUDA 11.7 ,cuDNN 8.5.5
VR RE 27 S HESR Pytorch

3.2 KBRS
3.2.1 agi

R T IR UE R A R B AE NEU-DET £045 48
R A M AR NS G e B R AT O S
B I Rl SR 5 43 0 B UE 0 JE - Concat _BiF-
PN GhostC3 D J& SToU XJ R 58 1 52 M, S 00 45
Rk 2 R,

FR2 HRSRIGXTLE AR
Table 2 Ablation experimental results of the proposed algorithm
SLIG YOLOv5s  Concat_BiFPN  GhostC3 SloU mAP/ % SR FER/ms FPS/(s7")
1 vV 76.5 7 026 307 8.6 116.2
2 vV vV 77.8 6 944 781 8.9 112.6
3 vV Vv vV 78.1 5982 887 9.2 108.7
4 vV vV vV vV 79.5 5 982 887 9.1 109.9

QR 2 T8 Rl S 55 B B T s, G S A
TEZ RGN T- YRGB B T 0 B4R T, AR
SRR L 3 T R, FPS B WG B {HU2
EXS B fe 9 A3 Ah B BT 55 1 B D 25 ~ 30 i 1)
FRifE, A SCH B 109. 9 i fd) FPS E 4TS 8K Wl 2
bR E . BARRY, S50 2 B4 T Concat _BiF-
PN RFAIE il A B B J5 450 7Y 2 28 B SRS 4 i T
1.7% , 7] W, Concat_BiFPN % 222571 H bRl iy
FEIEFR IS Al 50 A 25, (E [l i R A E 2 ] R
LRMEAR AR I T T B R, BT AR 1
Jle S5 3 4% Neck WIZ5ER4 iy C3 B it Hy
B2 fk GhostC3 RIS , AHE T b 52 56 2, 5 7R
WERI 0.4% . Z B & W > 13.9%, 7] UL,
GhostC3 A5 75 Ff Fp AR AU A IUDORS B2 174 [) B A 4%
I8 TSRS E R, DU 78 Tolk 385 tp A T30 25
SE55 4 B SloU 45 2K R AN, 155780 22 25 51 F- 346G 2
ST 520 3 #2750 1.8% , I UF 1 SloU #i2% s %K
X T B ARSI AT E AL A R . 5 )RS YOLOVSs

FHEL , AN SCRIr 32 A 1S Y 7 22 2R 031 P kG B 4R
55 3. 9% , SH AR 14. 8% , R W] T A SO A
P e 4 I 2 TR B OIS B2 A stk
3.2.2 st

SR EUEAR S T 453 i 4 T e o TR ) 5 A
AR, PEBL SSD , YOLOv3 . YOLOvSs , YOLOvS8s .
YOLOv8n L) M — [y Bt 3k Faster-RCNN #E47 X%t b
SEH, SRIAR MR 3 FroR . MIB Bt ik Faster-
RCNN AU BEAR T — B Bl 77 v , i ELAS 0 54
JEAS , Jovk R B SE IR I bR . — B B i 500k
SSD # ks £ A1 FPS AH%S T Faster-RCNN A fr i2
Tt AHERFD 29. 0 ity Ak 3B B IF RIS G AE Tl 36
B T B . YOLOV3 , YOLOvSs, YOLOv8s Al
YOLOv8n /£l YOLO 5 1] Hit 7Y i) 5 25 4% A6 i)
2%, AR FPS M T ZHr Bof I 53 L f sSD 55
12, (E R A AL T 4 TR 2 T 7 X — R o IO FH X 4 Y
K e, HZ 20V YRS B2 53 30 R 72. 2% \76.5% |
76.3% F176. 9% , KT A AR 79. 5%
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Table 3  Experimental results of comparable models

Model mAP/ % FPS/(s™")
Faster R-CNN 71.1 23.8
SSD 72.4 29.0
YOLOv3 72.2 64.5
YOLOvSs 76.5 117.6
YOLOv8s 76.3 113.0
YOLOv8n 76.9 119.0
Proposed Method 79.5 109.9

F4 HH T ARSCE - FI YOLOvSs . YOLOvSn
YOLOv8s 1 & ol F %} [k 45 5, #H Lk T YOLOvSs
B A SCH BB 0. 67% HA55 35 3 BifiA
ST IR Z 2R IG5 Tt 3. 9% , R Bt e
A7 1 A RO 2 R g B 28 Y, BRI A, 5
YOLOv8s Al YOLOv8n AH LY , A U AN £ 2 5]
KRS AIHRTH 4. 2% F1 3. 4% , 7 ol R 3k 454 7 A
() A B PR 4 T, 2 BH S SCO7 ¥ e Ak 2 4 J 6 T
P55 BBt

0T SN 8 AR SO s A P R
A — R RPR FL R A B TR S R T 2 )
SR B ARSI 28 SR R A T 0 A, SR R AN IR S ~
K7 fise WS (b) ~ & (e) B, B4 iR 6k
FaZER YOLOvSs . YOLOvSn . YOLOv8n £ YOLOvSs

(a) Manually annotated diagrams

scratches 0.76

(d) YOLOvS8n

m “ ‘

(b) YOLOVSs
scratches 0.76

(e) YOLOv8s

B B 2 A R A P I D0, AR SO 1k BEAS IE
BfRGLIN £ % e s L LA BB o &1 6 B L
i S P Bz 3% v ke o G I 245 2R, AT L ) 4T B 3% i
BREAZ A/ 5K BB , YOLOVSs Al YOLOvSn 1y
TSP 73 AL A 48 A B2 AT B , 1T YOLOv8n JUPH
TR 14 3t 755G A L o) 4 A Bz 2 TaT R B o [
6(e) K 6(f) 7R, YOLOV8s FIA SCH i BEIE
ARSI HE A0 L ) 4T B 2 T kB o TR St b B
Bl g K I 25 SR A& 7 B, m] AL, YOLOvSn I
YOLOv8s A B #E ) K6 I i 4= & BE B Bk B, i
YOLOvSs . YOLOv8n FlIA SCH 5 3 B 56 #6 Ml
AN TR G5R B , (HL R AR SC BT i B0 0 T ATE B
T3 324 D, FIUIAE B0 v A, o] 0 AR B
Ufo TS ~ 18T B A I PR — 2P U] T AR ST
TR 70N B b R B R AL £ ORI T A #f B 45 2R
A HERYE , M 1A ST 7 45 2 T e B G A
% ERARE

F4 BEBIBMOEIFLLER

Table 4 Comparison between recall rates of comparable models

Model Recall/%
YOLOvSs 74.2
YOLOv8n 67.6
YOLOv8s 72.7
Proposed Method 73.7

l

(f) Proposed method

(¢) YOLOv5n

BlS TR SR A I 25 SR ]

Fig.5 Comparison of scratch defect detection results
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(a) Manually annotated diagrams

(b) YOLOVSs

(¢) YOLOV5n

(d) YOLOvSn

(e) YOLOVS8s

(f) Proposed method

P 6 AL S e A T gk B A 4 SR 0 L P

Fig.6  Comparison of rolled-in scale defect detection results

(d) YOLOv8n

(¢) YOLOv8s

6

(f) Proposed method

7 BBk A I 45 SR L&

Fig.7 Comparison of patch defect detection results
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