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Abstract: To address the issue of low recognition accuracy in lightweight algorithms for steel surface de-
fect detection, this paper introduces a Multi-scale Enhanced Feature Fusion (EFF) technique. Initially, an
Adaptive Weighted Fusion (AWF) module calculates fusion weights adaptively for different feature levels.
This allows shallow features to enrich with deep semantics without compromising detail. Subsequently,

the Spatial Feature Enhancement (SFE) module boosts the fused features from three distinct directions and

Y75 B #9:2023-10-24; 81T H#3 : 2023-12-01.

ESTH: FFESV LRI A (No. 2021YFB3600603, No. 2022YFB3603705) ; Fa dt 4 H SR FF 24 4 % 1)
I H (No. 2020J01468) ; F 5K H R B2 5 4 F & % B3 H (No. 62101132) ; B K & A0 & 11 0] % B
(2023YFB3609400)



1076 b=

K TR

32 %

improves network stability by integrating residual pathways, enabling the convolution process to extract

more critical information. The model then selects better training samples based on the overlap between the

prior box and the ground truth. Experimental outcomes show that the proposed method achieves a detec-

tion accuracy of 80.47% , marking a 6.81% increase over the baseline algorithm. Moreover, with 2.36 M

parameters and 952.67 MFL.OPs, this algorithm efficiently and accurately identifies steel surface defects,

demonstrating significant practical utility.

Key words: defect detection; Single Shot multibox Detector (SSD) ; enhanced feature fusion; adaptive

weighted fusion; spatial feature enhancement
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TNE ST 3 AR 4R TR RS B 3 A el kIl
YRREA BT T SR R IR RS T R
T BRI F A SCHR 0 U5 3k X T SSD-
MV 2 583 (10 A6 RS B2 £ T 2 o0 A3 800
3.3 HWiMEERT

J T — A EFSSD-MV 2 83 % F 44
FETH BB H bR ARSI AR A Sk ICE A RS I 45
310 Fb 32 90 1) B et ORI Bk EAT R AR . SR
b B T R T R B AR BN DR
SRR I 2k S BORAE S L SE B 25 R 36 2 iR .
g5 R E W EFSSD-MV 2 532 75 84 2 1 Sk fe A% )
1555 09 mAP 48 b b 7 At R 0 539k, % Y
S, R SR T ARSI A BE X8 A e e, T BR T X
A 00 X A R 1 A R A 2 TR B A ) R
BEA W BALH . EFSSD-MV2 & kM i A
& 4% R ~F AR I B9 SSDLite 8 v: #il NanoDet 8%k,
mAP 235 7 6. 44 % F130. 19 %%, AR A4 51 sk 20>
T 15.71 MB Al 1. 71 MB, 3 B 59 fig 9% 1) F 42

/b B PG B N 8 DR TBUAS 358 e A RS AR 2R . [T
EFSSD-MV 2 & vk # b8 4% 1 g 5 br 4G T 5 1k
FastestDet i mAP & 1 9. 05% , 4 Lk 8 B 4% 5 2%
H b5 & I % 3 MutualGuide &5 1 3. 75% 5 8 L
YOLO 91 1) 2 M55 & A I 5575 YOLOv3-ti-
ny, YOLOv4-tiny 43 % &5 H 12. 63% H111.98%,
PRALNE /> T 23. 87 MB #1113, 21 MB; #H Fb [A] £
5| F 9 A YOLOvVSn BL & YOLOv6n & 3
mAP 435I 4. 75% F 4. 92% 5 M b S ik AR
% K M B P YOLOv7-tiny 1 YOLOX-nano,
mAP 435l = 15 5.6% 1 3.69% . EFSSD-MV2
SR AE R INORG B B R BR T R]AE SO0 R ) YOLO
RV AR BER T YOLOX-nano Z 4M%
AH EE B /N, 26 B 5 ok DRI 00 TH B3 AR, B2
R R A v 1 N TR R A R B L 7R S A
I3 B 5, AR EFSSD-MV2 5532 (1 fps 5 b
b T A E) K L {H 66. 4 frame/s B A I 35 FF fiE %
T AN R AT ML 1 HH AT SR o BRI RT AR
EFSSD-MV 2 # %% T 3 i 6 2 2% 5 A A 3307
TC Ve A X B9 2% T8 B B B bR 0 R RS BE IR 2 A AR
IS iyl A S R S TR o

®2 SEMBREZESONEENIREERNLT

Tab.2 Comparison of experimental results with other lightweight target detection algorithms

o AP/ % mAP BRI fps/
i ELe T A= ot ey e FIR /% /MB (framess ')
YOLOv3-tiny™  36.09 88.91 73.11 65.41 59.77 83.76  67.84  33.14 60.7
YOLOv4-tiny'™  36.46 87.67 67.37 79.48 58. 26 81.67  68.49  22.48 64.1
YOLOv5n™” 38. 40 90. 70 80. 90 85. 50 65. 60 93.20  75.72  14.25 91.8
YOLOv6n'™ 39. 30 92. 60 79.50 85. 20 60. 90 95.80  75.55 9.29 86. 8
YOLOv7-tiny®  30.00 91. 60 83. 80 85. 30 65. 60 92.90  74.87  11.75 85.0
YOLOX-nano'®'  43.32 92. 14 79.65 83.10 66. 28 96.18  76.78 7.23 54.8
SSDLite'* 42.51 92.93 74.85 84.84 68. 22 80.85  74.03  24.98 68.0
NanoDet'*” 3.00 87.40 54.40 68. 60 30. 00 58.30  50.28  10.98 74.8
FastestDet' ™" 39.70 86. 80 64.10 79.40 75.40 83.10  71.42 1.08 97.7
MutualGuide™™  51.03 86.72 81.73 84.78 66.61 89.47  76.72  10.96 68.6
EFSSD-MV2 55.13 91. 94 79. 54 88. 24 74.57 93.42  80.47 9.27 66. 4
3.4 BSHEITiE Lk mAP FE bR IR, S5 A HUE S 5~50, (7]

Xt F ITSS FEA BB 7 v, S50 L 0 U B
P o e T R AR ) B, T B O S 56 UE
BUE A BPE . XL EFSSD-MV 2 8092 1 9 2%
SEF R LR, 23 90 LE AR TTSS J2 ATSS J7 v kXt

BN 5. R 3NELHETR, A mAP, R R
ATSS J5 i Jo B 280 - KR B 2 fe . 5 2R R W,
SR 22 R SR R IR 2, 2 240k 0 30
i, SR B R PR 7 5 B9 3005 m AP 85 73 51 15 )
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®3 EBH K3 EFSSD-MV2E ik mAPIEFRHI %10
Tab.3 Effect of hyperparameter £ on mAP metrics of

EFSSD-MV?2 algorithm (%)
k MAP 15 MAP, 1«
5 76.55 78. 44
10 79.10 79. 38
15 79.53 79. 44
20 79. 04 79.73
25 79. 04 80. 03
30 79.81 80. 47
35 79.70 79.98
40 79. 06 79.33
45 78.72 78. 26
50 78.90 78.18

W RAE . DA TR 2 BUE N 1 mAP AR fb#a #nT LA
L RBUE RN R T IEREAR B AN 2 FEAS 1B
PRI mAP 4 TF ORI 2 e BUE KT,
M T IE A R o 2 12 30 1 9 mAP 42 73K
JEEE 5 R ITSS 7 ik 5 B 1 mAP 1 3 (728
W A X B/ SRR R R R R TR
U5 HE 5 FLSZHE A9 AR TOU i | BEAS O 1 1 A o
INAE & F AR o A B B 28 5 I 45 )5 X TR )
V14 2 T 0 % 4P A R 19 7 ARG DU g

3.5 MHXEERxXTEE

A 3 # i Grad-CAM (Gradient-weighted
Class Activation Mapping ) £ il B Jin 45 fiF: $2 5 %
2 (A AT AL RO L 43 B0 SSD-MV 2 83k |
FSSD-MV2 5 %5 Lk J2 EFSSD-MV 2 8 9% ik 47 52
5, JF Ry B A S B AL IR 1 20 S e A5 AR, 3 Fh A
T B 2T W S e R T B AN P 5 R o AP RT
LIV, SSD-MV 2 53 £ A~ ik B 28 ) 19 44 07 [
Gy AR AL R iz R TR ar AR T LA B 2% 5k B
R AE SRR R 852 2% s FSSD-MV 2 54 1 4R %) T it
B R AR 2R TR R ELAT U RE T AR LR AE SR
FEN R IR N e I E 2 v s = o T L= 7
EFSSD-MV 2 5 W] B A5 58 i 56 4 4= 1 1) 0 2%
A1 B AR A 0, BRI AE T EFF Soc b 45 3
ia T RRAE LG A AL T 4 A5 R ) AR
PEBUE AT A N

T EOW R TR A 2R TR PG E bR R DU B Y
AR AR SO i 3 R Bk HEAT T ORE 1
Ao 250 R 6 L B 6 TR o AT RLE Y, SSD-
MV 2 836 X% T B A BB B bR 3 4 76 AN TR 22 B2 1Y
Ui A o) R0, G0 S5 SR R s FSSD-M V2 B ik 2
TG KT LA B 2 S5 i B A R DU A {H6
IR SR 10 RS RS B K AR IG5 1 EFSSD-MV 2
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Fig. 5 Comparison of class activation mapping output before and after algorithm improvement
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Fig. 6 Comparison of sample detection results before and after algorithm improvement
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