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Abstract: [ Objective ]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. [ Method ] First of
all, apply SPP_SF to the Backbone part to retain multi-scale feature information and improve classification accu-
racy. 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 is weighted with positive and negative samples
to improve the regression accuracy of the prediction box. [ Result] The experimental results show that YOLOX-
oSMV in NEU-DET data set mAP@0.5:0.95 reaches 47.54%, which is 3.43% higher than YOLOX algorithm.
[ Conclusion] The algorithm significantly improves the recognition and localization of fuzzy defects and small
target defects while keeping the detection speed basically unchanged.
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Tab.1 Experimental environment

Equipment Platform parameters
System Windows 10
GPU NVIDIA GeForce RTX 3070 8G
CPU AMD Ryzen 7 5800H

DL framework Pytorch 1.10.0+Cuda 11.3
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Fig. 5 Schematic diagram of 6 kinds of defects
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Tab.2 Experimental comparison of different models

APs/%

mAPs, mAP  Params FPS

Model Backbone  Input size

Ps RS  Sc 1% % M fs)

r In
Faster R-CNN  ResNet50 1333x800 37.50 77.00
CenterNet ResNet18 512x512  40.10  61.50
SSD VGG16 300300 42.80 61.20
FCOS™ ResNet50  1333x800 42.50  59.20
YOLOV3 DarkNet53  416x416  44.00  72.10
YOLOVS CSPDarkNet  640x640  27.10  83.50
YOLOX CSPDarkNet  640x640  44.82  82.50
YOLOv7" E-ELAN 640x640  46.10  83.50
Reference[15] CSPDarkNet 640x640  34.30 84.10
YOLOvV8 CSPDarkNet  640x640 4590  84.50

YOLOX-aSMV CSPDarkNet 640x640  46.48  84.61
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61.00 7290 7130 8590 6790 34.00 61.55 635
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83.20 74.40 64.50 91.10 73.80 4590 3690 1389
87.60 82.00 6190 87.00 72.80 3640 2390 758
90.10 85.10 71.20 94.60 78.60 4730 11.20 115.8
90.77 85.16 71.86 94.16 78.84 47.54 9.02 1755

YOLOX-aSMV A 1) 245 4 9.02 M, [L K
LR RIS BORAR, L L YOLOVS 5 1.82 M, i 6
TS FE IR T 175.5 f/s, L YOLOVS #2755 75.7 s, L
YOLOV7 4 36.6 f/s, 5 B fERI A YOLOX AH L 2
ALRHFAAE

55 F i A A0 45 38 ) SOTA $5% YOLOVS #f]
Lo A SCRE R mA P55 0.24% , B0 A YOLOvS
(124 80% , Aarill Bk BE 215 T 51.55%,

ZEA UL SR S5 S R 1, 78 NEU-DET %4 £
I, YOLOX-aSMV DI/ N, i85 T 8L B A
W25, U AR SCREAE T3 BNObA ek 2R 1T kA
W, A e 0 S FA R RE 7, BEAS KRN H oAb B AR
For DA AU ATEON ARSI R /s B RSB

R EEA SR Rz AR T, i — AN 2R
Tl 15k B4 B8 45 GC10-DET H12A 4L % 4% 52 PASCAL
VOC2012 X YOLOX H-7: A1 YOLOX-aSMV 5.k
A% LS . GC10-DET A4 np L  Has  Je e
Yy B AR 48 B A5 10 Ak BE 25000 5 vOC2012 43 45
N ¥y A2l T H R DTRIE  L20 Fhvi U H Aw

e, SRR EE RN 3 iR

FH % 3 B0ds AT A1, AR U8R A GC10-DET I,
mAP ik #| 37.67% , $& & 2.77% , £ PASCAL
VOC2012 ¥tdi 4k I, mAP k%] 57.68% , #H%F T YO-
LOX P2& , #2155 2.02% , FPS Y I AR IR A AL, Bl
RAf. 5t TASCHEH B9 YOLOX-aSMV 5k
1E [F) SRR A AN I8 4R EARITH B AT R A1
ZALRE S RGN fE

& 6 HOULHL /R T YOLOX B4k FlAS SC ik 7E
SEFRAGE I F X5 3 40 i B P A A5 SR o T e B X
EE AT AR SCH R BEAGIN Y YOLOX B R A H 1
/1N B B 5 G U AE B S S S DXk 5 A ] X

R3 ERNEEELNIHERILE

Tab.3 Comparative of experimental results on two datasets

Datasets Model mAP/%  FPS/(/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
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Tab.4 Ablation experiment of different fusion structures

Structure Params/M mAP/% FPS/(f/s)
Fig.7 (a) 9.02 47.54 175.5
Fig.7 (b) 9.02 45.64 176.3

TERBLAE /1, mAP 427} 2.84% ,SPP_SFIf T H £
RRAE A5 B, 48 o T BRI 0%, FPS 34 3|
182.3 f/s.

iy 523 6 1] 200, £E YOLOX ¥ 2% v [s] it )7 T

MDFFM #1 SPP_SF, £ Illl 4 &£ '~ [ 9.2 f/s, mAP &
15 3.01% , A6 A B 42 - Je R I b, X A 1 B
SPP_SF X A5 MG B2 S8R A FR , (H AT LYK £ MDFFM
TEHE ERAN L A REe s TR R RINRE T
S 7 WAL, RIS | 43 2545 2k Varifocal Loss 1 [H]
933 2K a-CloU , FEA S IR S W T EE T, mAP
P 2.42% , R D B 2 15 7.7 s, U LKA FR 1)
YR FIR MR A B AR IEREA I, IRk ToU 11
BB AT DL A AR e e A R

R5 FEMHTRAHEREE

Tab.5 Ablation experiment of different improved schemes

APs/% mAPs, mAP  Params FPS
ltem MDFFM  SPP_SF VFL a-CloU — — o ~ o s ” o 0 M9
1 4482 8250 86.48 8278 70.64 9295 7670 44.11 894 1772
2 vV 4195 83.01 88.63 85.00 74.59 9399 77.86 4695 9.02 1559
3 VvV 4251 82.82 8845 83.52 7025 9329 76.81 4520 894 1823
4 vV 4291 8233 86.87 83.94 7275 9324 77.01 4490 894  178.8
5 V' 46.02 8242 88.02 8512 70.11 9405 77.62 4524 894  180.6
6 V VvV 4379 8354 88.62 85.07 7322 9391 78.03 47.12 9.02  168.0
7 V.V 4499 8251 8998 8515 71.61 93.18 77.90 4653 894  184.9
8 V V VvV V' 4648 84.61 90.77 8516 7186 94.16 7884 4754 9.02 1755

HISE5G 8 FTAL, RN R X 4 Mt 6, 280 % X0k

HEHE R 0.08 M, KB B R R 1.7 f7s, 76 /)N B ik
BRSNS DU 2 B2 PG L T, mAP 15 5] 47.54%,
mAPs« 55 78.84% , 43 4 15 3.43% .2.14%., RS2
BB B TR REA R , SRS G R 1
BER  ARIRBEA, AT YOLOX 4%, BR
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WE B T AR SRS RAE AR A6k 2 T 8 g ezl v 1 A7
B

3 it
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