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Abstract

To enhance the efficiency of small target detection for surface defects on steel, we propose an im-
proved steel surface defect detection algorithm based on YOLOv8. This algorithm incorporates the
GAM attention mechanism, which integrates both channel and spatial attention, thereby enhancing
the representation capability of image features and contributing to improved performance in image
processing tasks. Additionally, to further increase the accuracy of small target detection and facili-
tate better multi-scale information fusion, we introduce a P2 small target detection layer. We con-
duct ablation and comparative experiments on the NEU-DET dataset. Compared to the original
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algorithm, the improved algorithm demonstrates an increase in precision by 2.5 percentage points,
recall by 3.3 percentage points, mAP@0.5 by 2.1 percentage points, and mAP@0.5:0.95 by 3.5 per-
centage points.
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RTERA B ARG AT 2 NP B RCNN [5]. Fast RCNN [6]+ Faster RCNN [7]- Mask RCNN
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N H 25k f) CBAM-MobilenetV2-YOLOvS #E!, [R5 A\ MobilenetV2 #iFl CBAM (Convolutional
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Figure 1. Overall structure diagram of YOLOv8
1. YOLOvS ZE (k45148

F B S

(1) FHEWIALH . YOLOVS ZE4E T YOLOVS HIME FlAbER G, 7R AL I 2R B B S it 2 1 25 25 18
SENLH] . HAZ O IEA S SR 3R R (Mosaic) SEEL K G B e 1, 12 A VR & 14 558 (Mixup) #EAT 5
AEAER A, I BN AL AR 6 (Random Perspective) ¥ 5 25 6] JU{T €4 t, LLKRI ] HSV i th 25 (a4 3h
FEFHBERIRE AR TG R . 2 3G AR RA R R T I GRER 1K A0 2 AR

(2) BTMELEH . YOLOVS [H T4 g dk kI e T YOLOVS BI% G848, 8T 2 SRRk
PREUSEIN 2 R (5 B ok . FEREAE MRS KON 2 16 3 x 3 BAUAT N RAE, FLARHIE R iR 2
W SRAE. 5 YOLOVS 1 C3 B, YOLOvS QF b G| N C2f #5idk, @38 N #4720 SCECRTE R
HEE R ARRRS, RHES IR & E RN ZRIERIAR )], BHRE SRR 27
TR (FERHTC B N 3/6/9/3) .

(3) FPN-PAN 4514, YOLOVS 152K FPN+PAN Z5 kA48 YOLO HIFFIE &7, 2 RNEEREZ
[T 78 IRl A . 5 YOLOVS FIEE X HIZE T, FPN-PAN Z5 4 ) C3 RHual & B AL Cof Ak,
FELRFR A FFE RS AL B b, E— Pk 785 RIERHMERRIARE ), HARZHE S YOLOVS T/
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Figure 2. Channel attention module structure diagram
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Figure 3. Spatial attention module structure diagram
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7E YOLOV8 A, JEAA P3. P4 HI PS5 Z4r il skl iy KEFR, HFsfiE 5 (8 27X
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R, XE A REFECE /N AR BEE BT Bk N TR B AR 0 0] 8, XA Head 4514
BEATEGEE, TR = AMGI KA EERE B, 80— A5 1T TR IR B AR RISk o

4. TSRS
4.1. SEER

4.1.1. BigsE

NEU-DET #4743 K4 52 i 1800 i Tolk sl iz 5t N M A E BB M B, Herh IIZRFEA 1440 5K, i
EE5WIEES T 180 1k BURMKIERIEAEIK 3 6 ANFE, 5 R %% (Crazing). 4 Y)(Inclusion).
i (Patches). 5413 THi (Pitted-Surface). A4k 7 (Rolled-in-Scale) FKIJE (Scratches) . %% 5 4 i AE ) i1k,
RFE SRR R, 5 RBRBEAFE A KR X950 70 A0, A 2 1o S A I SRR AT T 3R A3t 1 A v A 10 R v 0k
FE.

4.12. SWMBESSHIKE

£ ubuntu20.04 R4t K H PyTorch MR JE 5 SJHEALFE G 2%, ALFEER 11thGen Intel(R) Core(TM)i7-
11700KF @3.60HGz. &4 NVIDIA GeForceGTX 4060Ti, PyTorch iltZ4 3.9, CUDA JRAH 11.3. &
BB G FE A 200epoch, TRALER A SGD, HI4H%E 13K 0.01, ZhEy 0.98, FLEKE 4 0.001,
batchsize N 16.

4.1.3. VN IERR
286 1% Precision, recall, mAP 1ENIEMNTEIR.
(1) Precision. FRATEARRLEFTA B 73 KA IERIIFEA T, HIEE T IERIEARRT SR 5
ARA:
TP

Precision = m (D

b TP FRORFAAS HARB IER AR, FP FRORAERAAS H AR IE B Al
(2) recall. RATEARLE FTAT L Pr IESRAEA H IR BN IR . THE2 308
TP

Recall = m (2)

Forr: TP ZoRfr H AR ER IR B, FN Jy SR e A o M HEAS 01 2/ .
(3) mAP. WA S B B R ME, TR AR
mAP =13 APi 3)
C

Hor: o NEBEIGNEL i ORI, AP v — SR BRI R R
UeAh, FEARBEFRTT, mAP A AFEKHER, —BAE BT Bl mAP@O.5 XA fEbR i N

o
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mAP@0.5: 4 /& mean Average Precision (IoU = 0.5), El¥f IoU B0 0.5 B, 5 —ANZ5] R AT
A E T AP, BRI mAP.

4.2. STWEER

4.2.1. jEmhsCIS
TEARAE & TS N S 30 BB T, 250 JE YOLOVS 532 AEGHE Jm (1 505 HE 47 T i s
B, VYRR SIS R S5 R W E 1.

Table 1. Ablation results
< 1. JHRRSCIREE R

Modle Pre Recall mAP@0.5 mAP@0.5:0.95
YOLOv8x 0.895 0.879 0.942 0.711
YOLOv8x + GAM 0.912 0.897 0.954 0.729
YOLOv8x + P2 0.909 0.904 0.955 0.734
YOLOv8x + GAM + P2 0.92 0.912 0.963 0.746

PRSI AN GAM R AHLHIZ )5, WA —EFERE ERSR s A i e pe, AL m]
DA R X g AT HER A 3R, e Precision #2 % 7 0.912, recall #2/m %] 1 0.897, mAP@O.5 #215
F7 0.954, mAP@O.5: 0.95 $&/mF] 7 0.729. (HRKRIFENL, FAEMEAE . 9 7 R JoRs HEVE RS in) 2,
FINGGHE AL 2. FTRLES], @A T P2 A0Sk, WL A2 RS BRE, $es 7R rERe.
&, RS GIXNASGE S, B REA & D BT, ML T IREE, Precision 25 1 2.5%; recall
PE T 3.3%; mAP@O.5 45 1 2.1%; mAP@O0.5: 0.95 5 T 3.5%.

4.2.2. BUHRIRERIGERE

AR 5t SO i s fE RN ZRaE I, i E 4L B S B . BB EUE LR T DLE Sk
J& i) YOLOVS 5% mAP@0.5 {H H1 94.2%8 5] 96.3%, - 2.1 ANE . 258 E M 85. 1% T3
90.8%, R-FT 5.7 MNE A, BALEIE AP HH 93.9%I T E] 97.6%, $FHT 3.7 ANED A B AP
B 90.3%$E T3 93.1%, I+ T 2.8 MEH .
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Figure 4. Original YOLOVS algorithm training results
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Figure S. Training result graph after improving YOLOVS algorithm
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Figure 6. Comparison between YOLOVS algorithm and the improved algorithm
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