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Abstract: In order to solve the problems of insufficient feature extraction and weak ability of multi-target defect
detection of YOLOX algorithm in steel surface defect detection, a multi-dimensional feature fusion strip material
surface defect detection algorithm based on improved loss function is proposed. First of all, apply SPP_SF to the
Backbone part to retain multi-scale feature information and improve classification accuracy. Secondly, the
multi-dimensional feature fusion module MDFFM is added in the Neck part to integrate the channel, space and
position information into the feature vector to strengthen the feature ex-traction ability of the algorithm. Finally,
the introduction of Varifocal Loss and a-CloU weighted positive and negative samples to improve the regression
accuracy of the prediction box. The experimental results show that YOLOX-aSMV in NEU-DET data set
MAP@0.5:0.95 reaches 47.54%, which is 3.43% higher than YOLOX algorithm. While keeping the detection
speed basically unchanged, the ability to identify and locate fuzzy defects and small target defects is significantly
improved.
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Tab.l1 Experimental environment
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GPU NVIDIA GeForce RTX 3070 8G
CPU AMD Ryzen 7 5800H
DL framework pytorch 1.10.0 + cuda 11.3
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Tab.2 Experimental comparison of different models

APs0/% mAPsy MAP Params FPS

Model Backbone Input_size
Cr In Pa Ps RS Sc /% % M [(fls)
Faster RCNN  ResNet50 1333>800 37.50 77.00 86.50 84.50 64.90 88.00 73.10 40.1 4115 203
CenterNet ResNet18 512>612 40.10 61.50 83.90 71.60 60.30 59.50 62.80 28.9 14.21 224.4
SSD VGG16 300>300 42.80 61.20 89.10 75.10 59.40 55.00 63.80 315 2441 67.9
FCOS ResNet50 1333>800 42.50 59.20 87.80 76.90 61.40 60.10 64.70 27.8 31.85 220
YOLOv3®1  DarkNet53 416>416 44.00 72.10 61.00 72.90 71.30 85.90 67.90 340 6155 635
YOLOV5 CSPDarkNet 640>640 27.10 83.50 86.10 77.90 60.50 86.00 70.20 386 7.2 998
YOLOX CSPDarkNet 640>640 44.82 82.50 86.48 82.78 70.64 92.95 76.70 44.11 8.94 177.2
YOLOv7? E-ELAN  640>640 46.10 83.50 83.20 74.40 64.50 91.10 73.80 459 36.9 138.9
SCHR[23] CSPDarkNet 640>640 34.30 84.10 87.60 82.00 61.90 87.00 72.80 36.40 239 758
YOLOvVS8 CSPDarkNet 640>640 45.90 84.50 90.10 85.10 71.20 94.60 78.60 473 112 1158
YOLOX-0SMV CSPDarkNet 640>640 46.48 84.61 90.77 85.16 71.86 94.16 78.84 4754 9.02 1755
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ZEA UL bsest gt BT &n, 78 NEU-DET %45
£ L, YOLOX-aSMV VLB, B2 T
PRAIRTI S5 5, U B AR SO RIS F T A AN R R
TERFERI, A RR B 77, RERS A
HH At H A AR B 5 DAAR S AR R B . /N H

RYEASCRIEZ AR T, DR
¢ 10 BRI B PE 45 GC10-DET A A 3L # i &
PASCAL VOC2012 L % YOLOX & % A
YOLOX-aSMV Bk k47 %] 52 4% . GC10-DET
BFEIAL. JREE. JeIRW. B AR AERSE 10 Fhih
255 VOC2012 G N, ). BT H, K
HIURFE, St 20 Fpod WL HARSE A, SKiess Rk
3 iR

=3 ERNBIESE LRIXTEE IR AR
Tab.3 Comparative experimental results on two

datasets
Datasets Model mAP/%  FPS/(f/s)
YOLOX 34.90 163.67
GC10-DET
YOLOX-aSMV  37.67 161.98
YOLOX 55.66 143.10
VOC2012
YOLOX-aSMV  57.68 141.30

HH 3 3 Hdfs ol %0, A SCHIELE GCL0-DET L,
MAP JE 2| [ 37.67%, f2 | 2.77%, £ PASCAL
VOC2012 ¥ifE4E |, mAP ik%| T 57.68%, HHXT
T YOLOX M5, $2mT 2.02%, FPS R4
AL, RIBE. o Uil 7 ARSI B
YOLOX-aSMV i 7E [F] 28 A1 £ 4w A2 A0 A S8 s
£ FAKIHEA R ARz AR )RR U RE .
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Fig. 8 Comparison of defect detection before and after improvement
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Fig. 9  Comparison diagram of two multi-dimensional feature fusion modules with different structures

K 8 HMHIE R T YOLOX S A S &
TESEBRA I H T 6 Fhish e A IR . AN]SR
S AN TR B (R MAE , A DUARE ZC B A BN
SRR S B B S, B A, Y
DUHE AT Z R e 0 T BE MR v o R 926 b AT
B AR SCHEIERER I YOLOX Sy A A EI i)
INE FRER R AR S S T 1 SRR X A TR
X A A (1 B A5 B B vy o IR AR T A SR
YOLOX Skl Az, ohodt e i SRk id
F T s Bl R sk FE A, B R rIse
fE.

2.6 HRLSKIG R
2.6.1 CBAM Al CA fithph & 73

st E CBAM Il CA BBl & 22 4 B 1 B
AN TE I A0 5 SO ARG BE s, AR ST T
W 9 BT W b 22 4k 5 R AE i A A

K9 (a) Jy CBAM Fll CA B A 47, HFAE )
LA CBAM & EE MM B, &
CA BN BRIE AL B A S, i RS 5
FefEmE . B9 (b) iy CBAM il CA BLERIFAT,
B N RIRFAE [7] = [R]85 CBAM A1 CA BB
FHRLYEE FOARFAEAS B, FRAR N IR — > SiLU 3
TR USRI o AR R S5 R TR T RS iR 4
PR

R4 T EIRMEEHEERSLLE

Tab.4 Ablation experiment of different fusion

structures

Structure  Params/M MAP/% FPS/(fls)

(a) 9.02 47.54 1755

(b) 9.02 45.64 176.3
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6 J 4379 8354 88.62 85.07 7322 9391 78.03 47.12 9.02 168.0
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