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Detection method of steel surface defects with fusion of
HGnetv2 and attention mechanism
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Abstract: Addressing the low accuracy problem in detecting multi-scale, multi-type steel surface defects within complex backgrounds,
this paper designs an improved YOLOvVS5 algorithm that integrates HGnetv2 with an attention mechanism. First, the HGnetv2 network
incorporates an attention mechanism as a backbone layer to enhance feature extraction capabilities for small target defects. Second, in the
feature fusion layer, attention mechanisms and involution operations are combined to achieve effective aggregation of edge features in
shallow layers and semantic information in deep layers. Besides, CBME_C2f replaces the C3_Bottleneck module to improve gradient
flow. Additionally, a new bounding box loss function, VCloU, is used to calculate positional features between the vertices and center
points of the prediction and target boxes, enhancing bounding box regression precision. Finally, MetaAconC is introduced to adaptively
adjust the non-linearity of activation for each feature map channel, improving the ability to extract feature information from complex
backgrounds. Experimental results on the NEU-DET dataset show that the proposed method achieves an mAP50 of 81. 4% and an mAP
@50:95 of 44. 1%, which is 5.4% and 2. 8% better than YOLOvSs respectively. For the small defects such as crazing in this dataset,
the detection accuracy reaches 55.4%, representing an 18. 1% improvement over YOLOvSs, while maintaining a detection speed of
80. 6 fps. Compared to other mainstream defect detection algorithms, this algorithm improves accuracy while meeting the real-time
demands of steel surface defect detection.
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Fig. 10  Different loss function values in different cases
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Table 2 Training parameter setting

Parameters Setting
Epoch 200
Batch_size 6
Optimizer SGD
Input_size 640x640
L0 0.01
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model and the original model
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LB BRAIGE 71, Involution 7 BY & L5 H 1 51 A 32—
HARTE T RRLA ARG DA B B o T AR RGBTy, TR
G RS SN MetaAconC o, K DS B /Y 78. 3% 2 T+
£79. 6% , BRI 458 T 52 2% (H2 A0 L T IR SiLuU

WS PRECRENS AE 5 BB VR I | RTE S R 2R PE s A e PR IE
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Table 3 Results of ablation experiment ( Note: the black part is the optimal value)

AP/ %

HGnetv2 CBME_C2f Attention Involution =~ MeAconC  VCloU mAP@O0.5/%  FPS/fps
IN PA PS RS SC
x x x x x x 37.3 91.5 82.0 87.0 68.7 89.6 76.0 112.8
vV x x x x X 424 92.8 80.6 87.2 64.6 91.4 76.5 121.4
VvV Vv x x x X  45.8 92.1 82.9 85.3 67.2 92.9 77.7 117.5
vV vV Vv x x x 38.5 91.9 82.0 91.4 71.3 93.2 78.1 110.2
vV vV VvV VvV x x 41.1 93.2 80.6 92.5 69.9 92.2 78.3 111.7
VvV v vV VvV vV x 46.9 91.7 83.4 87.7 72.5 95.2 79.6 83.5
VvV vV vV VvV Vv V' 554 93.9 81.8 84.7 78.5 94.1 81.4 80.6

3.4 FtLbECI

T BAIE R YOLOVS 83 78 K RS 3 i fE 3, 7
I B — R AR [F A NEU-DET B¥E4E b ik
TSR XS HE S5

B, N Tt 3E CBME _C2f 48 He X RRAE £ B

BRI AR S P R T GradCAM ™ 34744 7 B AT 4
A3, BEEE T €3 Fl CBME_C2f KB 7RSS AE Bl &
JZRRIZRIL, R 4 PR, SEEREE R WoR K AR R A
SRR C3 BEHu R ek IS B9 CBME_C2f 5 H 5 | 7K
A L 1%ERT LT R R

R4 FHERBURERXT LR (G AR EE S ARME)

Table 4 Feature extraction module comparison table ( Note: the best value is in bold)

AP/ %
Model Backbone mAP@ 0. 5/% FPS/fps
CR IN PS RS SC
YOLOv5s+C3_BottleNeck CSPDarkNet53 40. 8 91.4 81.3 85.8 70.5 90.5 76.17 108. 6
YOLOv5s+CBME_C2f CSPDarkNet53 36. 1 93.0 83.1 85.9 75.1 93.5 77.8 105.2

SE I GradCAM A= LAY I 8] 13 7R, CBME _
C2f BEHAE AL B 3 FRLFA (inclusion | scratches | patches ) i
BRI DX SR ™32 G 7E 1 Bk X el (2 A )
bbb C3 B T L MR X 4, 7 Inclusion HEFH I,
CBME_C2f AMYAEAZ L X IR B W 30, e 9 e =k
Zx M B X3, 7E Scratches Fl Patches Bt b, iZ A ELRE
A PE IR NI ZI AR I 401 AR 2%, J 7R 1 TSR Y Ay
TEHEHERE S1, ML Z T, C3 BEHe f 300G S P 7R A% 0 X
BB BEL N A7 IR, S B AL TE AR R TR . SRR
W], CBME_C2f A5 He 38 4o B 58 1) A6 J32 % 336 R A4 1IE il 412 e
I3 BT TR B ARG BE

TERNER BRI | Crazing (20 24 40 ol f6, 28 ) 18 W 4%
PR /INER BT 3k PR R Crazing 38 F 230 R 1Al L
B /N o, X s R RSB/ S, T
HGnetv2 FIVER I HLHIAR 25 6 BB BRI G548, 5 76 48 T %t
Tl INBRBE AT E . HGnetv2 i i3 3 & £ 4~ HGBlock
KB ZHEH S RUBEFRAE , RE 6% W] B4 412 161 1% b i 42 Ry 45

FE B AT S, O T 2R iR R G INVREAE 1Y
JRHNRE ST, 25 5] AT CBAM Fll CA FERE IR, %5
R TS 0N Bl o A T A K S 2 SR ST SR R
YOLOvSs [ R 25 8 4 4 HGnetv2 &7, A #5575 76 4 4k
B SR - A/INBRBG Crazing O RS TI0KS J8 A1 79 [] S8 47
AT, B ERAAE PLIERE E Al T CBAM il 38 i i/
TE BT3GR T X/ H AR AR SRR 1) O3, S MIEE )
WPKS 208 7 H AR X3, C+CA BERI7ERRERE & 251 A
CA RS, CA B It A BR 77 , B = 50 b A 42
2R HOR G R U HOE /N 5 4 R R SCRYBR R R
o SR FIRG JE

S2E T YOLOvSs , SSD'™  Faster R-CNN'™'
YOLOvV3'™ D} 3T Transformer 14 35 B 35 46 0 253 RT-
DETR' GE-YOLOv5s'® [ YOLOv5-CD'™ 453t 7 i H 45
RGN = v A A [R5 A AR R UI 2R A 858 T 2B 4706 e
SEES AE SR ANER 6 TR
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Table 5 Small defect detection comparison table ( Note: the best value is in bold)

AP/ %
Model Backbone - Precision/ % Recall/ % mAP@ 0. 5:0.95/%
Crazing
YOLOvS5s CSPDarkNet53 37.3 45 21.5 14.2
A HGnetv2 42.4 56. 1 45.3 16. 1
B HGnetv2+CBAM 46. 6 58.8 41 16.9
C+CA HGnetv2+CBAM 47.6 61.9 31.9 17.4

(VAR CH+CA ZAERTY B 19ERE EAERHIERL G 2RI CA 1R JTHLAH])
(Note: Model C+CA is based on model B by adding CA attention mechanism in the feature fusion layer. )

Inclusion

Scratches

YOL Ov5s+C3_BottleNeck YOLOv5s+tCBME_C2f

e 5 : -
Patches Patches

13 C3_BottleNeck 5 CBME_C2f #iHeth J) 7347
Fig. 13 Thermal diagram analysis of C3_BottleNeck and CBME_C2f module
®6 FHREGMMERENTLL (F AL ARME)

Table 6 Comparison of the detection performance of each model ( Note: The bolded part is the optimal value)

AP/ %
Model Backbone mAP@0.5/% FPS/fps
CR IN PA PS RS SC
Faster R-CNN ResNet-50 39.2 82.3 80. 7 85.6 71.2 90.6 74.9 28.1
SSD VGG16 29.8 73.7 80. 8 88.3 61.5 70.8 67.5 133.8
YOLOv3 DarkNet53 33.8 75.4 77.8 80. 6 65.2  91.2 70.7 80.2
YOLOv5s CSPDarkNet53 37.3 91.5 82.0 87.0 68.7 89.6 76.0 112.8
RT-DETR-L HGnetv2 28.8 81.4 91.8 80.0 60.4  89.9 72.0 118.9
GE-YOLOv5s GhostCSPDarkNet53 49.1 89.7 92.1 82.9 73.9  88.6 79.4 109.5
YOLOvS5-CD i CSPDarkNet53 47.9 90.3 89.6 90. 1 65.3  95.6 79.8 104.7
Our it HGnetv2 55.4 93.9 81.8 84.7 78.5  94.1 81.4 80.6

t & 6 T LAHIGE , it J5 B SF- YRS o R4 48 FLPBRIE Crazing Inclusion Rolled-in_scale 5 3 Fh [ i)
bR mAP@O0. 5( %) 1E AT A AR b oy B L, 0k 81.4% , KRS B8 38 2 fe i, A0 4L T #5EA! Faster R-CNN, SSD |
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Fig. 14 Comparison of test results
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