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Abstract: Aiming at the challenge of balancing model accuracy and inference speed in metal surface
defect detection, we proposed an improved SWE-YOLOX detection algorithm based on the YOLOX
model. Firstly, in order to solve the problem of large interference of complex backgrounds and
significant variation in defect scales, we introduced a channel shuffle attention module to enhance
feature expression ability and suppress irrelevant information. Secondly, aiming at the problem of
unclear defect edges and weak texture features, we incorporated wavelet convolution to improve the
extraction ability of frequency-domain features, thereby enhancing the expression of detailed information.
Finally, the original intersection over union (IoU) loss function was replaced with an enhanced
intersection over union (EloU) loss function to optimize the regression accuracy between predicted
boxes and ground truth boxes. Experimental results show that the proposed method achieves a mean
average precision (mAP) of 76. 3% on the NEU-DET dataset, which is 3. 86 percentage point higher

than that of YOLOX model. It also maintains a fast inference speed without increasing the number of
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parameters and computational complexity.
Keywords: YOLOX model; attention module; wavelet convolution; loss function; metal surface
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Fig. 1 Types that are difficult to detect in metal surface defect detection
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ToU it 0. 5 BBMHE N ARIT A FPs FN 2277 A K I 21 fr) 2052 HE H it
AP 3B KNI Precision-Recall fhk T # 1 FX

1
AP:J P(GHHdr, 12
Ho P FIREL E Recall T Precision. mAP fiHE AR R
mAPZLZAPi, (13)

Hop N Ron sk B 2850 S, AP, SRoRE @ NI AP fH. FLOPs 3R ¥F mias 508, R A 1 N 4%
BATERR IR R 28 . A EZR T BEBUZR FLOPs, HitH A0

FLOPs.n, =2 X Ho X W, X Ciy X Ky X K, X Coui s QEY)
Horh Ho, R i AR 00 8 B, W, R i N AR AE B R S8 B2, G 3RoR g AT 2, R C,om il i il
EH KRR RS, KRR BRI, 2 Rk Mgk it 5k 8. Parameters 7R
BRI S A SRR, RS SRz 2. S B RUZE . AR AN

Parans.,, = (K, X K, XC,, +1) X C,. » (15)
Hp K\EREREN&EE, KRR EREWIEE, C,Rnfi ABIEL, C. RafmibEiEL, +1

2275 I B I CIn R AEAED .
2.4 HEhICI®
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R T HUHIBE | /1N A B TR BE 0 E R 5L 2K bR B TIE.
B B R ML IE, R4 NEU-DET | X vE & S ALH 00 s lsc ie 25 549 F 46 1, K
1 YOLOX-CBMA #5514 76 A1 [F] 47 B A CBMA 32 I HLH . YOLOX-SA (n) #58 Z 7R 76 A1 [F] 47 &
TN foe R ALV 1) ShuffleAttention {F & JIHLH . YOLOX-SA #5784 F 7R 76 A0 A 7 B A e K
WAL ERAE Y ShuffleAttention 1 2 7 #LHI.
£1 REFENERGRE L

Table 1 Comparison of effects of different attention modules %
[l mAP Cr In Pa Rs Ps Sc
YOLOX 72. 44 41. 66 78.79 89. 56 64.01 66.69 93.92
YOLOX-CBMA 72.96 39.63 77.32 88. 27 64.22 75.27 93. 04
YOLOX-SA(n) 73.54 41. 22 79. 84 89.21 69. 55 66. 86 94.59
YOLOX-SA 73. 80 32.82 77.26 87.49 74.82 77.85 92.57

2 1 r 0L, YOLOX JEA RN A R PG, B0 — a2 mEE h REE T, mAP &K, 7
A CBMA Ji, mAP H#Ft. EEFBHN SAG) J5 #7500 5, 3207 e Ab /9 38 18 TR e T 38 18 18] 79 15
B — e EH . BT TR R R RE . R BN SA J5 . mAP IR K, R FE R
(%) Shuffle Attention 1 & Jy AL fin A fe O Ak B VE XA RY (g Ve e A 48 FHAE . HLAE Ps Al Rs 288019
SR B HHORE O I DAY 3 R RLA BB B AR T AEZET I A . Ps R Rs 2R BB FA 10 R A5k B BE 5 T
SOMELLIX G, R BA R RO AR LR S, DA e SA TE R AL 8 TR A 2 ROBE Bl AL BRRE I REIE T
SRR G X, BRI T SR AR A ) T, B AR R BB AL AP H R R T, 4 Cr ZE AL 1
AP A F RIS, JRE RS 78 SAGO R S HLE] R In T 5 Ktk 45 J5 (B AL 3515 T &4
B R ERRAE . 2 Cr 28 BB G 1 SCHE 5 3 G R I o 3 B AR (B R AN A AR A T BB 7 & A FRAE L [ B
WA REARAT T O 29 S B AURRAE . B ME G T B IE AR A B B E Cr BRSIIDRG BE T R T, (HE
mAP 7. B AR YOLOX-SA #5817 J5 22 B B (9 18 mib 52 55, i e PR A A 19 mAP {6
73.8%.

5 BB/ B BT 6 UE . 7R KU 42 NEU-DET | X/ 3% 25 BUUR B2 A9 7 il 52 56 45 SR 51 T
2% 2, Hor Levell, Level2 1 Level3 43 BRI A B /NEEFRE N 1,2,3.

£2 MNEBERREREZRM L

Table 2 Comparison of effects of wavelet convolution at different depths %
i mAP Cr In Pa Rs Ps Sc
YOLOX-SA 73.80 32.82 77.26 87.49 77.85 74.82 92.57
Levell 74.29 38.48 82.16 89. 58 71.56 70.07 93. 88
Level2 75.02 39. 39 79.63 87. 24 77.63 70. 95 95. 28
Level3 73.91 37.59 77.73 89. 26 75.72 68.05 95.12

2 i, RMANEEFEE YOLOX-SA, B mAP A, AT Cr 255 i B i 1
s R B AR, AN ERS . 3 N2 IREH AR R ERT, /NS BRIRE R 2 i, BRI
mAP BT, VREE R 1, /NI 3 BT S 4 A 1 5785 0 BT LA R R A 4R BRRE R R L oA 3k B FE AR 1Y
HALfd. VREEN 3B, oA 24 EEmsiem, BRI E7E R4 D B B A IS, SEERASUR AR
AR /NS FRIR By 2 B, BERUHE I T RRAE R IEE 00 iz Ak e . MERE IR RIS AR, RN AL 5
H, TR/ B FRIR E #R A R TH T Cr BREEZER A AP (8. 76 Z /B9, Cr 2880 1 it [ 5 o5 &
PRGN . DT U B /NI A B T TR AR A SO )RR AR AR HCRE Fy . SCEE S T B Y Cr A
R B ARG IR B AT S R AR T[] e R T Ath 25 7R S o ) G A 2 TE ] W07 8. BT 4 Level2 BERLHE
15 SL R Al S5, T AR AL mAP {E Sl 75. 02%.

55 I BON R R AR IRAIE , ZESUE4E NEU-DET b 451 2% o6 80 /9 0 Bl S2 36 45 SR 51 T 56 3, Hop
WIoU,CloU,SWE-YOLOX 435 258 5 Sk 1Y ToU #1215 2y WioU, CloU, EloU 3 F A [A] i $it 45
PR, RBAY ToU Mk BB Level2 BEHY, ToU H 2% J8 T g 3 A (1) 1010 E 5 B0 SCAE A9 22 OF 1,
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mAP FAK. O R 8 U5 & A AR AR EE Y mAP B4 T, H AT B R 02 EloU 28 A4 2% bR £ 1)
B, EloU 2% R % B2 1 HUNARE 55 ECSHE 19 (07 8 5 R FIR T, RO 2 o) B 1 5 4 1 45 A
R3 FREBKEHBRX

Table 3 Comparison of effects of different loss functions %
1Y mAP Cr In Pa Rs Ps Sc
Level2 75.02 39.39 79.63 87.24 77.63 70.95 95. 28
WloU 75.27 41.15 80. 38 89. 40 78.23 68.23 94.21
CloU 75.99 42. 14 81. 24 89. 64 81.43 67.17 94. 32

SWE-YOLOX 76. 30 42.23 81.02 88.70 83.68 68. 89 93.26

HAR EloU % B E 5 CloU #18 KBUH A . (H A [H A& CloU Xt i I A A % /M E IR (9 48 57
i Z R AR R RO TR PERE. [RIEL, X WIoU., 380 3% T 00 AE R F R0 B 1% A5 TR Xof A AR
(2 S W 92 B By, (H R A% B A I Z AR 0 EToU, BUR EloU $ 2k s 7E Rs Hl Sc MR B FE | Y
R RS B AT T R, (EL7E FLA SR A B B b AR AT AT IR T, SIS Ah R I, EToU 2881 5 2k pR I 8
BRI R, RE R mAP {5k 76. 3%, BIMARSCHE A SWE-YOLOX A1,

BARTER R NEU-DET Ry RL LS g /Y| T3R8 4, Hpsig 1 Rox i YOLOX fAL, S5 2
FIRMMA SA FEE YR, S5 3 /AR A/NEE BRI RL, SWE-YOLOX B8y 5 J5 i b &
WAL 2 BRI B A R R

4 EHERIRLER

Table 4 Overall ablation experiment results %
LAY mAP Cr In Pa Ps Rs Sc GFLOPs
SJE 1 72. 44 41. 66 78.79 89. 56 66. 69 64.01 93.92 26.7
S 2 73. 80 32.82 77.26 87.49 77.85 74.82 92.57 26.7
S 3 75.02 39.39 79.63 87. 24 77.63 70.95 95. 28 27.0
SWE-YOLOX 76. 30 42.23 81.02 88.70 83.68 68. 89 93. 26 27.0

4 T, SWE-YOLOX BRUAH . YOLOX A FE mAP EEFFT 3. 86 H4r s, Hih AP {4
FHH B W BRI hy CroIn, Ps, Rs PURR S PG, AT UL, SWE-YOLOX 5 B A A 48 T+ T % 1 0 6 )
i, HAHIAYE 248 (GFLOP) SEA R I, SWE-YOLOX K55 3 57 7 K6 0 14 5 2 5 1k g

K9y 6 Bk A 2 BB A DU RCR T 1, Horb S5 — A7 R MR B s 28 A7 R 8 YOLOX J5i#d
Rl AR . 58 =478 SWE-YOLOX Rl &R, & s — 47 W L br & . i 9 al 0L, M F
YOLOX JEARL, KU He Xt F A7 7E /N BFR . 40 In BEEE . X F YOLOX BRI KL H AR . SWE-YOLOX
TS a5 Tl A TR Ve A WL, 6 TR I B AY Bl B 07 BN S T EARIR AL, XTI TR,
W Rs BFE . YOLOX BERUES I 25 R s A AE 5k H AR, 1l SWE-YOLOX #5284 [Rl FEARK S 3 2 0L, &
IE T AR SEE M B, /D TR, XS ORB . , 4 Cr SBE . YOLOX A5 A [R] FE A 1F 6 150 21
SUEEAS BT B AR, 1 SWE-YOLOX AR 838 a5 i A /N 36 BUR R $2 BT T 22 G5 53 IX 3k %) S0 B A
W%, WIMKE THEERER. AT 1L, SWE-YOLOX #5875 3x 3 F it 75 e i 28 50 o 6 46 001 RE 1A
i/
2.5 5xHmBHRRNEEMEEXLE

J s UE SWE-YOLOX 584k (19 4 @ 2% 1 ol b A 00 1k g, % 05 32 0 A9 50 Be B o A I 53 0%
YOLOv3,YOLOv4,YOLOv5,YOLOv7,YOLOv7-tiny Fl YOLOvS %5 #4748 10 %F 1. & 10 A [] 45
RUEAR mAP 5 F, gk, m & 10 AT, ARSCe Al SWE-YOLOX By i & B AR 5 17 HA K43
IR 28, SWE-YOLOX B8 7E 54 48 NEU-DET [ A IS B b 0 i oAb R e, i 11 Fnjsl 12
S AR B R AE AR 4R NEU-DET ERAERIERALR AP thk 5 F, ihZk. M 11 FE 12 A7 W, 78
JA 6 eBRfa T, O AR AT S T A AR A M e, 2R WA SR AR R AE A T 1 e B L T A
AL,
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Fig. 9 Comparison of effects of 6 types of defect detection
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Fig. 10 Performance comparison curves of different models
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Fig. 11 Comparison curves of AP for all defect types in different models
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. SWE-YOLOX #2555 YOLOX A5 78 i) #i 00 8 A L BEAR BEA Lk, S8 T X & s
2 THI ¢ e 114 e ARG T
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Table 5 Performance comparison of different object detection network models

HEL A mAP/ % Cr/% In/ % Pa/% Ps/% Rs/% Sc/%  B¥E/MiB GFLOPs
YOLOv3 73.01 35. 83 73.67 92. 41 73.91 70. 86 91.39 61.55 155.3
YOLOv4 60.12 32.59 59. 44 83.57 65.77 36. 69 82.68 63.90 141.9
YOLOv5 67.02 28. 63 77.25 91.99 68.98 53.75 81.49 7.07 16.5
YOLOv7 72.93 36. 45 75.83 89. 69 77.99 66. 50 91.09 37.22 105.1

YOLOv7-tiny  65.85 31.62 74,04 92.10 65. 80 19. 69 81. 89 6.02 13.2
YOLOvS 72.61 40. 38 75.74 88. 86 76. 16 61.15 93.41 11. 10 28.6
YOLOX 72. 44 41. 66 78.79 89. 56 66. 69 64.01 93. 92 8. 94 26.7

SWE-YOLOX 76.30 42.23 81.02 88. 70 83. 68 68. 89 93.26 8.98 27.0
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