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Improving the steel surface defect detection method of YOLOvV10

Wu Ge Zhu Yufan Ye Tiancheng
(School of Electrical &. Electronic Engineering, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: Aiming at the issues of outdated existing models for steel surface defect detection, limited accuracy, and the
existence of misjudgment and omission, an improved YOLOv10 method for steel surface defect detection, named FAA-
YOLO, is proposed. This method introduces the lightweight network FasterNet and multi-scale attention mechanism
EMA, designing the C2f _Faster . EMA module to balance the lightweight of the backbone network with enhanced
feature extraction capabilities. An adaptive fine-grained channel attention mechanism AFGC is added at the end of the
backbone network to enhance the preliminary feature extraction ability of the model’s backbone network, thereby
improving the model’s detection accuracy. The Neck part is replaced with an attention scale sequence fusion framework
ASF to enhance the model's ability to integrate multi-scale feature information. Comparative experiments and ablation
experiments on the NEU-DET steel surface defect dataset show that the proposed FAA-YOLO model reduces the
number of parameters by 11.01%, the computational load by 7.69% . and increases the detection accuracy by 2.9
percentage points, achieving a detection accuracy of 83.6%. This method reduces the complexity of the model while
achieving high detection accuracy. demonstrating high usability and real-time performance in industrial systems.
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Table 1 Model parameters P — TP (14)

BT i Y W TP+ FP
e 6 % 2] Wi 0.01 r__ TP (o

LN 640 WARMUP True TP +FN
WA 640 KN 16 AP :iiAP} :iijde (16

Ho) R 0.001 25 I 21456 80 300 n i n 5

Kb TP b EAR kG I BB 10 4 1 B ARk s FP ol R
(patches) . N & ¥ (inclusion) | 3, 1 3% i (pitted-surface) . PR I DR R 0 B AR R s FN R IEME T IR R S a Y B

L1 4k B2 (rolled-in_scale) F1 K JE (scratches) 3 6 28 6
. ARSI 300 BkIETE 1800 gk, A SCILH IR 8515 14
3 R N SR | 56 I 4R AN 4E
3.3 FMriEdR

A S0 33k BUHE I R (precision, P) | 7] & (recall, R) I
IoU 0.5 B} ) 35 2 45 F ¥ {H (mean average precision,
mAP) VR B RN 5K b4 2R TH B B A 0 oE A 5 0 PE AN F8 A .
o, mAP J& 4% 3k M o 6 2 A0 G R IT M F8 bR . PUR.
mAP BT 1 158 B AL TR ARG I o A R = A R

B s AP 9 ERS L B0 PR & F AL N b HAR
2K S0 Y B i

B A SO BB B0R 5 1 5 8 A Ol A5 8 45 338 19 3
HobR . SRR 5 AR RN U W AR
3.4 HBLSSIS

T B UE 7S ST Y % 0 A A T A 45 I ek kX R
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Table 2 Results of ablation experimen
LI C2f_Faster EMA  AFGC ASF Params/10° GFLOPs P/% R/ % mAP/ %
1 — — — 2.27 6.5 84.3 73.2 80. 7
2 N/ — 1.91 5.6 77.2 77.3 80. 9
3 — J — 2.33 6.5 81.5 77. 2 81.5
4 — — J 2.31 6.9 77.3 75.3 81.2
5 J J - 1.97 5.6 76.5 75.3 80. 2
6 NG — N 1.94 6.0 82.7 73. 4 80. 9
7 — J J 2.37 6.9 75.3 73. 6 79.5
8 NG NG NG 2.02 6.0 77.1 78.7 83.6

M1 5% 2 #EAT 20 B 7T 0. 7 Backbone M 4% H 3 A C21f_
Faster EMA £ ¥t j5, # A 2 8 i F i 55 i 4 00 F B
15. 56 Y F1 13. 85 %% , W] B K4 J3 AT /N U J3 4 T, i 2 A Oy
BARLHOE A T A B T SR S8 AR RE B & T
ARSI IS BB 4% RE W SE B S B
FRAE A B RS AL 55 8 A6 (9 S 17 ; 76 Backbone I 45 K 3 5
A AFGC MK E R T T 0.8% , HB T &R, &
AN 2. 64 %, Ul BIZ BT HLBE A S B S R EE
BT ARAE B R IEBE 1, I AR TE TR IR B L 2 R
B3I A] e B TSI T 8 A 1 AL () ok B A ARIE (R
B fE Neck MZ&d 5] A ASF-YOLO HEZR 5 , ¥ % 5 $ &#
F A8 A B3 T 1. 76 % A 6. 15 %, A% I kS 4R T
0. 5% » 2 W IZ AR B R A A9 0 41 B9 L SCAE R0 R A il &
ML, BE 5 A AR THBL AL B R RS B, S B AT B &
Honn] GE AN RRAE AL A BRAE S BN . R WA
B ASF-YOLO HEZEFI AFGC 23 5 35 R 50 46 W0 A5 BE I8 A%
1. 2% 0y [F] B 2 8caa F 3 1 40 B 3G i 4. 416 R0 6. 150,

XEFE N AFGC W7EE S1PLH 5 ASF-YOLO HEZL ()38 &
RS B — B, AR A5 A R AN R RUBE (YRR AE 1 1 43 e
TR IR, 5 BOR S50 FEAE A 8 0 410 i 0 s i S b
K.

[ i 51 A C2f_Faster_ EMA,AFGC #1 ASF 19 iz & ik
E B AE S BORRAR 11. 01 % T B K 7. 69 %0 Ry R
mAP 42T T 2.9 A~ 4, K3 83. 6 W M MERI R, LI LS
B FAA-YOLO BRI BE 8 4 38 T F= & i FR 1R 15 8, 7252
A0 Y [F] A A O SR AR T M R
3.5 REIIFLERIE

h T AE A SCHE B FAA-YOLO #5774 % 1A 3508
PG AR SCHR A AR 5 Al B A RS I B 9 3R A B A T L S
By 2 1A A% 15 SR — B LI A R AR 3 TR,

FHER 3 AT, AR AN A 48 — B Bt 24244 %) Faster-RCNN
R mAP $2 T+ 11. 5%, IF BRI S 508 it 3 i g 25 1%
ik . F 4T FasterRCNN 43 B FEAK 95. 24 % #1 95. 66 % , #H
AL — B B B AR R B, A A E S BN A T
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Table 3 Comparison of different models
i Params/10° GFLOPs mAP/ % P/% R/ %
FasterRCNN 42.5 138.1 72.1 71. 9 64. 5
SSD 26. 1 82.3 71.6 71.3 63. 8
YOLOv3-tiny 9.52 14.3 74.5 66. 8 73.2
YOLOv3 61.5 156. 3 65.3 69. 8 61.2
YOLOv5s 7.0 17. 6 76. 6 74. 1 72.4
YOLOv6 4.16 11.5 79. 2 74. 2 73. 4
YOLOv7-tiny 6.0 13.2 65. 9 62.3 63.3
YOLOv7 37.1 105. 3 70. 4 66. 6 65. 2
YOLOv8n 3.0 8.2 78.6 77.7 71. 8
ASF-YOLO™" 2.73 7.2 80. 9 78.6 75.6
YOLOvY-tiny 1.96 6.4 79.8 77.3 72.6
YOLOv10 2.27 6.5 80.7 84.3 73.2
YOLOv10-AD™" 2.53 6.7 81.1 78.7 73. 4
REIW-YOLOv10n"™" 3.18 8.2 81.0 75.9 77.6
YOLO11 2.58 6.3 82. 6 76. 0 80.0
AR SRR 2.02 6.0 83.6 77.1 78.7
Y OLOv9-tiny, T3 5 ] 52 30— By B A 280 v SIS, mAP 2k HYOLOVION FEAYOLO

ST B L A F 83, 6 % MR RS . EHAR R A,
AL YOLO11, YOLOv10-AD #l REIW-YOLOv10n 45 &
B YOLO BER J Hwe , A SCREBIAH L YOLO11 S 80t
AR 21. 70 %, i+ A B AR 4. 76 %, mAP 27+ 1% 4 L
YOLOvI0-AD S50 8 AT 20. 16 %, 55 B AT 4. 76 %,
mAP 2 F 2.5%; Ml b REIW-YOLOv10n £ % & [ 1%
36. 48 %0, 1A B FRAK 36. 67 % »mAP 2T} 2. 6% . LB A L
AR FEASE AN 4T J% BE s o F0ORS I RE ) O T 8948 F YOLOvl0
KA ot 5 5, R SO R AR (R IE = A Y T
B, o 25 R TN 2 T R I R O ) 9 T R ﬁﬁ%i&?fﬁf
TR R AR, N H R R A IO R =
iff e R S A A S
3.6 LINGERWHALSH

R T H E LAY EE A SO B FAA-YOLO B8 5 3%
2 YOLOv10n A5 78 (g A5 A0SR 5 DI 38 4 i AL 4k IR 43
PR AT I, It S an 8] 11 iR

A 11 AT, AR SCHR B FAA-YOLO #E8 GE A6 I 1
JYOLOv10n 5 28 I8 32 46 0 21 1) B b, 3 $2 51K 40 7 19
BReBa
3.7 AFHIBESTLL
T RAEA SCHE M FEA-YOLO # R 3z Ak g /1,
AR S AL R 2% 8 R HIL A N I i S5 56 == & A 1 B i He
BRI B MR 22 (PKU-Market PCB) #E47XF L, 6 B
HorprsE TR IAT 55 19 693 5K 4R AR BRI 18 L Ho A A o
FLLORNG TR s 2 2Ot 6 SR, TRIRE S
3.1 WIRFE B IR A R ER 4 iR,
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Table 4 Comparison of PCB Dataset Experimental Results
il Params/10° GFLOPs mAP/ % P/% R/%
YOLOv10n 2.27 6.5 91.0 91.1 84.7
YOLOv10-AD™ 2.53 6.7 90. 2 90. 0 83.5
REIW-YOLOv10n™" 3.18 8.2 91.3 90. 3 86. 6
FFA_YOLO 2.02 6.0 93.2 92.7 88.5
RURH HEHE 2R YOLOvIOn 76458 8 2 0kt | 155 & 73 i) [ A% 967-977.

11.01%.7. 69 % My [RIH , mAP 3K T 2. 2%,
4 % 1

X A 3 1T BT o G U A G R A B L TG 9k TS 40 - i
TG 0 o 8 A 5 I 0 A R Tk R G AR B A AT R
B TR S, 48 T — AP R E YOLOV10 11440 A7 3 T it [ 46 Il
Tk, BB N A LE| A FasterNet fl EMA 8 #
Backbone #8475 , 78 FEARAE Y S 400 55 10 i i IR B2 5 T
) G T Y 4 3% s A SCAFE Backbone W46 K 351 A AFGC, 1
SRR AR T I 4% K AR AE 54 400 20 4R AR 7, 2 T 4R v A
T K IS B 5 A SCH] A ASF-YOLO HE 28 o i Neck #5
4y il 5t 2 RO RRAE LA A AU TH T RSB A I PR R . 25
TR AR SCHR B Bl YOLOvV10 B 4R A4 26 T 5k 4 46
I T R iR YOLOvIOn 8% K H B A ok ik B A W
ARG T A 0 1 5 S A L A BT A A T ol o A A BB AE
HySE B,
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