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Improved lightweight steel surface defect detection algorithm
based on YOLO11s
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(1. School of Mechanical Engineering, Guizhou University,Guiyang 550025, China; 2. Key Laboratory of
Advanced Manufacturing Technology of the Ministry of Education, Guizhou University, Guiyang 550025, China)

Abstract: Aiming at the problem that the existing steel surface defect detection algorithms are difficult to balance
resource consumption and detection accuracy, an improved lightweight steel surface defect detection algorithm based on
YOLOI11ls (EEC-YOLO) was proposed. Firstly, the ADown downsampling module was used to alleviate the loss of
fine-grained information and realize the model lightweight. Secondly, a novel enhanced pooling channel attention
(EPCA) attention mechanism is proposed and embedded in the YOLO11s backbone network to strengthen multi-scale
defect feature extraction from the frequency domain dimension and reduce the lack of feature information. Finally, an
enhanced screening feature pyramid network (ES-FPN) was designed, and the feature fusion network of YOLO11s was
reconstructed by using the enhanced local attention (ELLA) mechanism and group normalization to optimize the feature
selection and fusion effect, so as to improve the attention and detection ability of the model for small targets. On NEU-
DET dataset, compared with YOLO11s, its mAP@0. 5 is improved by 3% to 79. 8%, the number of parameters is
reduced by 45.1%, and the amount of calculation is reduced by 30.5%. On the GC10-DET dataset, mAP@0.5 is
increased by 3.2% to 65.6% ., the number of parameters is reduced by 45.0%, and the amount of calculation is
reduced by 30.2%. The proposed algorithm achieves a good balance between detection accuracy, computational cost
and efficiency, and provides strong support for the industrial landing of edge terminal devices.
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PR AR B, i RS T YOLOVS B3k, f i SPP_
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Table 1 Hardware and software environment configuration
PRI 44 R JEUAS /RN
BERS Windows 11
fab 7 2% 12th Gen Intel(R) Core(TM) i7 12700F
W 16 G
R NVIDIA GeForce RTX3060(12 GB)
WIEES Python 3. 8
TR~ A HEZE Pytorch 1. 11, CUDA 11.3
I PRI Visual Studio Code
3.3 FMriEdR

AR S SR H SF 29 K B 14 {5 (mean average precision,
mAP) & 1 JF (precision, P) | 3 [l & (recall, R) . & ¢
(parameters, Params) 318 & (FLOPs) 5 1~ 48 A5 X M 4% 14
REHEATITAL . R EAR & LA = (5) ~ (@) iR .

TP

P=Tpt¥p )
TP

R= TP+ FN (6
1

AP:J PdR 7
DIAP,

mAP = N (8)

Hrp o N KRR B AR 09 28 50 % 5 B M Ctrue
positive, TP) & IE i & W 2] 1) Bl b #F A< 19 %5 &5 1B BH o
(false positive, FP) & i M 2] %) 9F Gl 5 A 4% 50 18 FA 4
(false negative, FN) Jg& & 15 K i 2] %) Bl i A A 17 K i
3.4 EENUHIIT LI

T BUEAE E T ARAE4R B C2PSA W )2 Z 5 5] A
EPCA ¥ & 71 HLHI R B M BB 4R T, A 52 80 78 NEU-DET
BAEAE L FE A4y 5 51 A M 5T TR B AL S
FIRLRAE X L, DATIE B i 3k Oy 25 (0 &tk 25 Rk 2 i
7 o S LB IR R

MG X HE S2 3 45 51, 5] A EPCA B35S, YOLO11s #
TUZERS RS B BB 2 4R T, BEZRBE YOLO11s 1)
mAP N 76. 8%, 1M EPCA [ mAP iKE| T 78. 4% . #2F+ T
1.6 %, on i EPCA 76 48 7 #6 R B 7 10 A9 1 35 p 9

F2 FENNHNIEIWER
Table 2 Experimental data comparison on

attentional mechanisms

. mAP50/ Params/ P/ R/
i8] y (X10%) GFLOPs % y
YOLOlls  76.8 9.415 21.3  72.6 72.0

+SA 77.4 9.415 21.3 715 73.2
+CA 77.5 9. 441 21.3 743 71.2
+ECA 77.9 9.415 21.3  72.9 73.3
+CBAM  77.2 9.678 21.3  70.6 71.4
+ELA 77.6 9.419 2.3 71.2 72.7
+EPCA 78. 4 9.415 21.3  73.4 73.0

AR E A 32 3 B AL A SA77. 4% \CAT7.5%) Fl
ECA(77.9%) ,EPCA M2 IR EE &, R HLEESR
A Hby 14 SR A B B B AR YOG TR, A SR L A 5
AR S OLH R B AR AR 9. 415 X 10° A A7, KW
EPCA oK i B IS B &2 2= 2, f- $5 7 YOLO11s % &
P, HHH CBAMC(9. 678X10%) , EPCA 1924 i A%, 0 1
TS, SEE RN 21,3 GFLOPs, #t— 216
IET EPCA SHITFE & MF /N, 76 P MR Jiifi . EPCA
SRR BE] T 73.4% A 73%, B YOLO11s 28 F+ T 0. 8%
M1%.

25 b L SIR A5 SRR I EPCA REA AU 3 YOLO11s £
FRLE R A S5 o A0 i 1 1 L 4R T TR R X B AT R T
K H br 9 6, R SRR AR TR B S 40E , g Bl
14 S B 7 FH A AL
3.5 HRhIEXTLE

AT B LL YOLOvVI s Ry FELe i, X H I 28 3 A5 T
ATk, B T B E A EEC-YOLO #E# . R 560F
B I o E ) A PR L AR SE 43 il £ NEU-DET, GC10-DET
AR DIEAT 5 4IRS b M1 3R 7SR T 30ER ) 4%
Bl ES-FPN M 45 M2 £ 06 i 3 T M 45 1 Conv T
FFEREH A N ADown B M3 R4 5 32 T 0 45 i 78
B EPCA R W ALHIAL L, o 25 Rk 3.4 iR, K
PR AR E I R .

®3 HMXELR(NEU-DET)

Table 3 Results of the ablation experiment( NEU-DET)
o mAP/ Params/ P/ R/

T % (X105 GFLOPs YR
YOLOIl11s 76. 8 9.415 21.3 72.6 72.0
+ M1 77.8 6. 566 18.9 76.0 72.1
+ M2 77.4 8.031 17. 4 74.2 72.1
+M3 78. 4 9.415 21.3 73.4 173.1
+MI1+ M2 78.5 5.179 15.0 76.2 72.1
+Ml+M2+M3 79.8 5.168 14. 8 78.6 72.9
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Table 4 Results of the ablation experiment(GC10-DET) R
10
mAP/ Params/ P/ R/
ot % x10H Oy oy
R
YOLOI11s 62. 4 9.429 21.5 65.9 59.8
+Mi1 64. 4 6.577 19.0 69.1 58.3
+M2 62.7 8.032 17. 4 60.9 64.1
+M3 64.3 9.429 21.5 68.7 60.1
+Ml1+ M2 64.7 5. 180 15.0 63.0 64.8
+M1+M2+M3 65.6 5. 180 15.0 67.5 62.8 ALk

£ NEU-DET %645 I, B2 557 YOLO11s [ mAP
$ 76.8%, Bl A ESFPN(MD J5.mAP #2F+ % 77. 8%, 3%
B ES-FPN 7 2 R ERAERL & 7 WA 3. Sih
ADown B3 (M2) JG ,mAP 2 77. 4% S & 2 FHIE BRI,
YA /N T it B &, 51 A EPCA BEH(M3) 5,
mAP & F R T E 78. 4%, UF B EPCA 7 R BLE B tr Fn
WA R T EESE., B =84 6/E (YOLOlls+
M1+M2+M3), mAP K F) 79. 8% , A ¥k 5256 b 19 g 4
SR LBUE T = H U R 0 B AR T R R R AR 1
BERE, 7 GC10-DET 44 £ . YOLO11s B mAP A
62.4% .53 A ES-FPN J& ,mAP 2T+ & 64. 4%, gk — 5k 5
T ES-FPN {4 . ADown Bt (M2) 4 mAP [ # F+ 4
ANGIRE 62, 7% A AR TR O A o E L 5
A EPCA #i3: (M3) J5, mAP gy 64. 3%, 4 5 7 45 % X
Wt O P, 418 ES-FPN fI ADown J&, mAP ik
64. 7% i — 5 TR INOKE B 3 Wi (YOLO11s +
MI1+M2+ M3) 5 mAP H 65. 6%, % GC10-DET %4
B R,

& 6.7 Jy #5% W g o AT S 40 5 4 NEU-DET ., GC10-
DET %4l 4 1 4 25 6 B K DU RS BE X [k, o] LU 4, EEC-
YOLO 4 F YOLO11s 78 P A~ $0 85 45 19 45 28 Bl B34
FEI T R Y B R 30 B U AR R R 2B
o RS 3 iR T, BRI L M. £ NEU-DET #(
i 4E L EEC-YOLO 76 RIJE L R A Uk K Bz R RR &5 55 240 4
PE SO G A BB B A O B B £ GC10-DET
R AL v R T R GORS B BAR S TR R 28 0 CangL b L Ay
JRADRTHFREEE R, U EEC-YOLO ol 1 38 T 4
TR NeE 5 23 Bl o 1% G 00 R g, O ARG DU B R RS E L
o T
3.6 SHMEEIEIE

Sk B UE AR W 5 R A R A R SE S AT, 1E
NEU-DET.GC10-DET %44 I ¥ it itk 5 (0 55 1 5 HoAth
FIR B ARSI AT X H L 35 Faster R-CNN(ResNet-
50) . SSD (VGG16). YOLOv5s. YOLOV6s, YOLOvS8s,
YOLOv9s,YOLOv10s,YOLO11s.YOLO12s & 3. 54,
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h it — B IE AR 5E e )5 B9 EEC-YOLO B M AR R %,
W SCEk[33-36 04 % NEU-DET %4 2 19 5% i#F 4% 4 50
X SEER A5 R NEE 5.6 R, H AP R AR I BN .

1 NEU-DET %454 £ EEC-YOLO A mAP k5| T
79. 8% ML YOLO11s i 76. 8 W 4R TH T 3% .4 T H:
fis 3 B OH AR R 5T . W0 Faster R-CNN (74.4%)
YOLOv5s(74. 1%) 1 YOLOv6s(75.0%) . JhH 2 5145
) SSD(67. 8%) #H Lk . EEC-YOLO 7E ¥ [ B A T K& 12
Fh L UE B T A R e B A I b i O R M RE . TR, EEC-
YOLO BZE 8 0N 5. 168X 10°, 144 & M 14. 8 GFLOPs, B
AT Ho 45 1 (4 Faster R-CNN [ 136. 79 X 10° S5l
369. 8 G FLOPs) , 78 7 35 5 e 6 0 A% BE 14 [8] 1, A oK b
R TIH R A, WA, 5 3CHk(33-36 142 (% 2 ik 2 i A st
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Table 5 Models comparison experiment results(NEU-DET)

mAP/ Params/ P/ R/
(e ~ GFLOPs
Y% o (X10%) % %
SSD 67.8 24. 28 61.32 68.7 62.3

Faster-RCNN  74.4  136.79  369.8 75.4  72.2
YOLOV5s 74.1 9.12 24.0 68.3  70.5
YOLOV6s 75.0 16. 30 44.1 73.1  69.7
YOLOvS8s 75.6 11. 14 28.4 73.4 70.2
YOLOVIS  74.6 7.18 27.0 76.9  68.6
YOLOv10s  73.5 8.05 24.7 74.7  69.3
YOLOI11s 76. 8 9.42 21.3 72.6  72.0
YOLO12s 75.3 9.08 18.7 76.5  66.5

. 88 10. 9 - -

(2]

CHR[34] 78.5
SCHRL33] 73.1  20.5 — — —
SCHRE35] 77.2 7.04 — 73.9  74.1
SCHRL36] 79.7 7.0
EEC-YOLO 79.8 5.17

15. 6 77.1 74.6

14.8 78. 6 72.9

* 6 MEEIFT L I8 45 R (GC10-DET)
Table 6 Models comparison experiment results(GC10-DET)

" AP/ Params/ P/ R/
w0 " GFLOPs

% o (X10%) % %
SSD 56.9  26.29  62.7  65.4  35.6

Fasterr-RCNN  64.8 137.10 402.2 65.3  63.5
YOLOV5s 61.9 9.12 24.0 71.3  56.4
YOLOVG6s 62.2 15. 98 42.8 64.0  62.4
YOLOv8s 61.8 11. 14 28.6 60.6  62.5
YOLOV9S  61.7 7.18 27.0 65.8  60.8
YOLOv10s  60.6 8. 06 24.7 57.3  60.2
YOLOI11s 62.4 9.43 21.5 65.9  59.8

YOLO12s 63.2 9.08 19.3 64. 65.2

(2}

EEC-YOLO 65.6 5.18 15.0 67. 62.8

(2]

FIPEAT A B A B 98 32 B EEC-YOLO A5 R 7 45 35 5 )%
TR AR B[R] B RS T O e A A TS B . B4R, EEC-
YOLO 1 NEU-DET _Ef9 mAP 5| 79. 8%, &% T 3C
HRC36 AT 79. 7% 3 B WG F SCHR[341(78. 5%) K ¢

MR(35](77.2%) ., TEARTIE Z 5 10, EEC-YOLO &%
HALR 5.17X10° , /NF RGBS i Aokt BRI (Cn SCRk(34 169
5.88X10° . 3CHR[36 11 7. 0X10%) , H- 4 &y 14. 8 GFLOPs,
5 R B A AR A Y B AT BT A . L
AH HESCHRC33 1/ 20. 5 X 10° 2 %, EEC-YOLO 7E#E I R
o EEERER.

1t GC10-DET ¥ % I, EEC-YOLO f mAP Xy
65. 6% [A] £ 8 3 T % 5 3, 40 YOLOv5s (61.9%) .
YOLOv6s(62. 2%) Fl YOLOv8s (61.8%), R4 YOLO12s
B mAP X558 (63. 2%0) ,fH EEC-YOLO 7E B3R |-
R R i, S50 fIF 5 & BB B ALF YOLO12s
(9.08 X 10° #1 19.3 GFLOPs), % — 4% % % 8], EEC-
YOLO AUAERE B R B8 THE 5 44 % )5 T 2
AL A A S M R IR 2 IR A B R SR M T
b e B A A 55
3.7 WXL RIE

T R R AN [ 5 % A DU AR AR T K EEC-
YOLO &5 YOLO11s #5817 NEU-DET 1 GC10-DET
R AL I 0 (i B A I 5 SRR AT T R AR B, IR 8 TR

ME 8 AT LLF . YOLO11s 45 80 £ 16 U 46 F 5 4% 21
LML R R R R WA AR ROk, M2 T EEC-
YOLO B8 5 Jiin o 5 R 0 7 230 fofe 563 1% 3, 08 35 0 /0 U
VRS, 0 L AE A6 0 24 4% | JRR o5 R R0) I S 0 LA TR S0 17 Bk s s
FHH O, WA 8a) iz, £ NEU-DET ¥4 I, EEC-
YOLO 72480, Je 24 W) L bk 5 RN S Ak B 45 2800 0 BOAs T B
WA TE s M 7E GC10-DET 4% 4E . anf& 8(b) friR , X F K
BEELIT AT IR MBS TR 4 288004 . EEC-YOLO MR I
RZEH . BAN, EEC-YOLO Kl 2 4 §le e & 175 B 0 8w T
YOLO11s, A AE1E B 43 T A6 (H 8 A4 A6 D 2% R 1 F 3
B, N AAL S SRR L EEC-YOLO £ 38 (0 1 2 45
TESEIAE J7 , BB AT R M /N B AR, 3k G e K AR K, I 76
S PERE R B

WA, A5 % NEU-DET #l GC10-DET %42 4E iy
6 S Ui B A 8T AT A Ak B Ty BT, DA T U b TR O e T Ak
He dnE 9 iR, W 9Ca) . (b) AT LT, 31 7 18] i w] WAk
SRS S BRI Rk R — B, X T RS I Y f5k 5 2K
(in NEU-DET %45 4 h B9 2 a0, Je 24 9, R i R & IR
GC10-DET ##s4E b i /K BE L EL BT AT IR 55) , EEC-YOLO
AT YOLO11s 7 it 3 IX 38k i #4500 0 R 58 i, W i
RARKG R AL, W) EEC-YOLO 76/ H ¥5 #6177 17 B
A B M RE A T B
3.8 ZiiEse

KT 25 VAL A B T BT 4R Hh R Y Ak RE T, A
PKU-Market-PCB %t #% 47" | %} EEC-YOLO 347 7 I
T A B AR LRI A IF 90 B8k HEAT SE IR T L . B A R
e B 693 oA AT AH BL B SCMR ) PCB BB R . a4
115 7K s 4 (missing_hole, Mh) . 115 3k &t T (mouse_bite,
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Fig. 8 Comparison of detection visualization results
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Fig. 9 Heat map comparison results
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Table 7 Comparison of experimental results of the PCB dataset
gl mAP/ % Params/( X 10%) GFLOPs P/% R/%
YOLOI11s 93.7 9.42 21.3 95.4 91.8
EEC-YOLO 95.8 5.17 14.8 96. 5 92.3

R

Original images

o . - | ..
Mh Mb Oc Sh Sp Sc
& 10 PCB i 54w A AL 45 2R
Fig. 10 Heat map comparison results
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