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Lightweight strip steel defect detection algorithm for edge computing devices
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Abstract: To address the problem of small targets being difficult to identify during strip defect detection and the large
number of target detection algorithm parameters affecting model deployment, this paper proposes a lightweight strip
defect detection algorithm based on the YOLOv11l framework. The algorithm enhances small target recognition
capability through the integration of a bidirectional feature pyramid network (BiFPN) and GAM attention mechanism.
Simultaneously, a lightweight SlimNeck model is adopted to integrate the neck network to reduce model parameters
and complexity while maintaining detection accuracy. Experimental validation on the NEU-DET dataset demonstrates
that the improved BSG-LiteYOLO detection model based on YOLOvlln significantly outperforms the original
YOLOv11n. The optimized model achieves a 25. 6% reduction in parameters, 22.6% decrease in model weight size,
7.94% reduction in floating point operations (FLOPs), while improving mAP@0. 5 by 4. 19%. Experimental results
demonstrate the feasibility of the improved model for steel strip surface defect detection, with the optimized algorithm
successfully deployed on Jetson Orin Nx edge computing devices achieving 34. 3 FPS, which meets practical production
requirements.
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Table 3 Comparison of various model experiments
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Table 4 Comparative experimental results of feature fusion methods

75 mAP@0. 5 mAP@0.5:0.95 & K/N/MB SR /10° HHEE/10°
YOLO11n-PAFPN 0. 740 0. 407 5.3 2.58 6.3
YOLO11n-BIMAFPN 0.728 0. 391 1.8 2. 30 7.1
YOLO11n-GFPN 0.728 0.394 14.7 3. 60 8.2
YOLO11n-BiFPN 0.762 0. 420 4.0 1.90 6.3
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UL E N I P O 4o 5 e S (T G T s 7 O £
mAP@0. 5 355 0. 762 {4 [FIH 244 4. 0 MB BB {AFL 5 6. 3
LB A 0. 764 mAP@O. 5 B A AR (B 250
A 26% . MELHA G M B B A 5 C R G e 3
U1 (W RV RN , 75 4k mAP@0. 5 g 0. 764 A5 B BT
T R4 R 5.7 GFLOPs, 8 it C FFA% 9. 5%,

WOUE T 2 S 5 U R R & TS S R AR SR A . B
EEE N, 3 B A 28 A+B+C UL 1. 92X10° B5E
T mAP@O. 5 N 0. 771 R MRS BE , 0 SRR e i (R 25 SR 4R
F&0.9%, 3 4.1 MB i BB R T8 F AR B He B 5l N
FHI 8. 4 MB 480k 51. 2% . B 25 1 B I HLH 4 2 )2 5 1E
W e A . HIG A F AR YOLOvIIn, A%
SRR S HCR T 25. 6% TR T 7. 94% B K
N T 22.6% . mAP@O. 5 R T 4. 19% . F A0S
oAb P 45 S5 4 TR) A4 P o G T P R

RS HEAXEXNILER

Table 5 Comparison results of ablation experiments

H He mAP@0. 5 mAP@0. 5:0. 95 BEHIK /N / MB ZH=/10° W /10°
A 0. 764 0. 409 5.3 2.57 5.9
B 0.751 0. 395 8.4 4.20 7.6
C 0.762 0. 420 4.0 1. 90 6.3
A+B 0.767 0.417 8.4 4. 20 7.3
A+C 0.764 0.421 4.0 1.82 5.7
B+C 0. 760 0. 407 4.2 2.02 6. 4
A+B+C 0.771 0.422 4.1 1.92 5.8

3.5 EREBIIE
P2 S TR Y BSG-Lite YOLO 4R it [ A6 0 35 122

FBEBT Nvidia 285 A2 7219 Jetson Orin Nx #1435 45, 6
TF St Bk e

« 9] .
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BEMLITE 300 5% B R iE A7 4T |5 5 PC i xt L
K, W% 6 Fizn , BSG-LiteYOLO-jetson fE Jetson i1 4% i1
BVH DRI W LRGN S ERIRE By,
HPJL 0. 771 1 mAP@0. 5 #i#k YOLOv11-jetson [ 0. 739, 5L
4. 20 M MEREER T L 3K R A AE S PR R T RE A8 £ AL T 1
BRI 45 5 . 7R TR J5 1T BSG-Lite YOLO-jetson X
di 4.1 MB 726525 ], 8 YOLOv11-jetson [ 5. 3 MB Jsi /s
22. 6 Y0, 3X T A% AR P Aol LR 1) 3 5 B IR 32 B ) i R
Yk, RUEAEHEIE E | 34. 3 FPS WA T X bu A 70, {5 H
T S R R R - A R T RS I T S Y [ AT
RETH 2 52 PEZOR A & 2 bR A P KR,

3.6 THHERRER
o BRI R A SCRE 5 A B R Y LR A R 4

Original

YOLOvlIn

BSG-LiteYOLO

(b) AEY

(a) Crazing (b) Inclusion

(c) Patches

K6 MBZEENILAR

Table 6 Edge device comparison test

LY mAP@0.5 B K/JH/MB FPS
YOLOvl1-jetson 0.739 5.3 53.8
BSG-LiteYOLO-jetson 0.771 4.1 34. 3

X YOLOv11n Akt 5 9 BSG-LiteYOLO £ i 4E
PEATIAR L & 10 /R 7E NEU-DET %048 42 b 5946 I 45 5L
DA AT DA HE A A 3R G T 3 1 SR X3 A B X
B 5 bR R 0 B 0 A R O Bk ik 2 S A
HUBE 1% TR B b 7 Bl BE B AR 0 78 L S8 BX R 09 5 L
1B NI e S I R VAR N N S -8 s o Tl 2
JE R RO 2 T A A Y g A RO P

(e) BLAISHA B
(e) Rolled-in scale

(d) R
(d) Pitted surface

(f) IR
(f) Scratches

Bl 10 NEU-DET %4 8 16 45 5
Fig. 10 Detection results on the NEU-DET dataset
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D7 B S AL R AE 4 7 3 ) 4% BIFPN, 8K )5 78 59058 )
ZH A SlimNeck 544 , & i 76 505 W 45 P &5 — 2 A
EJRFERAIVR, Wit 3 A T7 R R e,
R SR DA R VT O A B T B v A TR g G G
BE ARSI OR AUAE MR B LR 6 4% B8 07 2, i HL i B
TR A TE T U 7 B R A L A B M B . 7E Rk i T
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