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Steel Surface Defect Detection Algorithm Based on HPDE-YOLO
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( Shenyang Ligong University, Shenyang 110159 ,China)

Abstract; To address the issues of low accuracy and high computational demand in steel surface
defect detection algorithms,a detection algorithm based on YOLOv8n,named HPDE-YOLO,is pro-
posed. Initially , an efficient multi-scale attention (EMA) mechanism is introduced, which is inte-
grated with the backbone’ s C2f to enhance feature extraction capabilities. It is coupled with a C2f-
Faster structure to improve the model’ s computational speed. Subsequently,a high-level screening-
feature bidirectional fusion pyramid with path aggregation network is proposed, which simultaneous-
ly strengthens semantic features at multiple scales , effectively enhancing the model’ s ability to cap-
ture details. Finally, the model’ s detection speed is further increased by incorporating a dynamic
upsampling module ,DySample. Experimental results on the NEU-DET dataset show that compared
to the YOLOv8n model, the HPDE-YOLO model achieves an average mean precision ( mAP ) of
84.2% at an IoU threshold of 0. 5, representing an improvement of 5. 7 percentage points. Specific-
ally ,the mAP for crack defect detection has increased by 26. 88 percentage points. Additionally , the
model reduces the number of parameters by 45% and floating-point operations by 32% . The HP-

DE-YOLO model not only effectively improves the accuracy of steel surface defect detection while
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being lightweight but also facilitates deployment on mobile devices,meeting the demands of indus-

trial production.
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Fig.1 HPDE-YOLO network structure diagram

SERFEAR FLOPs , Jlb 4458 13

3G SRAR ZR R R O R ER A E S A
BRYEZ R (CBAM) | mAGHIEEZ
BiH (BCA) " 4 $ i T HARAR I AE 77, (H i st
TR AR B K i AR BRI T A
TR, AL, A SR EMA B, HRESE 7 A%
YRGBT EAT 5 TE AR AL G ik rT R
SRR (S B R AR R, EMA fii ] =
ZOAT AR BRI AR AE P 1 B A5 R AR AU 1l ik
A5, AT A 20 5 3 38 1) 38 BORRAIE , S0 B 25 ) 2
) H Mgt 2 pros, W . Groups Rl
394 ;X AvePool Fl Y AvePool 435l — 4K
SR B 7 1) 48 R AL ; Softmax S ki RAL IS
PRI ; Matmul b 5 [ 7 % ; Concat by 7% #2521 ;
Sigmoid & S YT PREL ; GroupNorm 7R JH—4k
Ji s Rw FORE S b 4 B
1.2 HS-FPAN-DySample 11k
1.2.1 HS-FPAN #iH

J54f YOLOvV8n A5 AU 7E [ %] R 1E s S5k 1 & 45
Jo AR AR g ) AR AR DRIE R RIS
(), L JFXF S o 2H AR 11 G B R A8 SR A 0
X Z2 2 S pa U = 38 . Rk, R Z
SRR R W B TR R R AR AR () SRIK B 1. &2 HS-
FPN Ji & , Bt — Tl i G Ui 258 W) REAE il 75 ) 28%
HS-FPAN, A5/ ikl 3 s, Kl H . S1 ~ S5 P2
~P5 N2 ~ N5 M2 ~ M5 435l 7R A [] B A e
CA FRFFIE PEFEAF B ; DM 61 4 B DT it # b
SFF SRR i B RRE Al A B

Groups

l

[ Cow |

|X AvePool | Y AvePool |

| Softmax | Softmax | |Concax+Conv|

Sigmoid [ Sigmoid

GroupNorm
AvePool | Softmax
Matmul
Matmul

Lo

Sigmoid
il

2 EMA R ZE
Fig.2 EMA network structure diagram

Shy 3R B R R AE 28 38 B ) Il LA R 4 2
FEAERR G | R 0T 25 45 )@, HS-FPAN i i 2
G i R AEAE SR A 4 S — 1 1 O e 1 Ty
LR A AR SARAE (5 B T b il SC R AE 15 L, I
W 0 J5 AR RRAE 5 1 AR AE & 5T, DAk 4

JRIFEAE B PSR

HS-FPAN = 540 $5 FEAE 2 £ 80 He AR AiE il
BB AT

1) FRAF e AR b

RHIETEFE (CA) BB 15 50 X0 i A ) B0 b4 2 T
BREEFAEE £, (f, e ROV Hrh € il %)
Fra R E B AT 42 R R oRAL , A5 2R A RFIE ;
SRJE ) Sigmoid I pR B E 118 1 A AL
(ELfon (fop € ROV S CAREHL I 1+ 42 J) 5 it



34 % M

3 HS-FPAN R4 44
Fig.3 HS-FPAN network structure
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Fig.6 DySample network structure
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Fig.7 Partially labeled dataset images
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Table 2 Experimental results of C2f-Faster-EMA with

different embedding positions

AGIE Hitfi  AER mAP@O.5
YOLOV8n 0.753 0.748 0.785
C2f-Faster-EMA-1 0.796 0.727 0.791
C2f-Faster-EMA-2 0. 668 0. 740 0. 803
C2f-Faster-EMA-3 0. 666 0. 828 0.792
C2f-Faster-EMA-4 0.779 0. 740 0.813
C2f-Faster-EMA ( 2 J7)) 0. 684 0.768 0. 805
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Table 3 Results of ablation experiments

HEHY Uit SRRt GFLOPs ] mAP@0. 5
YOLOV8n 0.753 3006 818 8. 1 0. 748 0.785
YOLOvV8n-C2f-EMA 0.779 3017 186 8.2 0. 740 0.813
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YOLOv8n-HS-FPAN-DySample 0.762 2012 898 6.5 0.771 0. 838
HPDE-YOLO 0. 801 1654 322 5.5 0. 815 0. 842
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Table 4 Experimental results of different models

W
n

mAP(Cr)/ mAP(In)/ mAP(Pa)/ mAP(Ps)/ mAP(Rs)/ mAP(Sc)/ mAP/ Hm/

L % % % % % % % 10° GFLOPs
Faster R-CNN 36. 01 81.77 88.37 81.32 59.56 86.33 72.23 137. 09 402. 1
SSD 38.32 80. 67 94.01 82.42 67.87 71.13 72. 40 26.28 282.0
RetinaNet 36.22 81.37 91.23 82.04 60. 57 88.21 73.27 37.97 191. 4
YOLOVS5s 39.32 79.13 96. 32 87.43 60. 44 84.35 74. 49 9.15 24.2
YOLOX 34.33 84. 67 96. 89 88.76 66. 83 89. 48 76. 83 54.21 156.0
YOLOV7 38. 89 82.07 93.29 81.74 62. 19 83.97 73.69 37.62 106.5
YOLOVS 43.31 87.09 95. 14 96. 53 61.19 87. 81 78.51 3.01 8.1
YOLOV5-EDGS!®!  43.60 87.00 94.90 83.10 62. 40 91.20 77.00 3.98 —
AR SCHEAY 70. 19 89.91 99. 17 99. 46 57. 64 89. 05 84.24 1.65 5.5
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Fig.8 Comparison of partial detection results
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