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LR BEARBLIA SRR TS oK, BRI AS SCH S A TR T
HF R IRS E (mAP),

e 3 iR, 451 A CMUNeXt (7% A) J5, mAP
PETEE 95.72%, BILWERLRL (F7 %€ Base) 1 93.69%
1 2.03%, E RN IE LT E 95.20%, A
86.21% B E T+ E 90.87% (+4.66%), & W] HAE I 35 A
hAe AR R . R T H 8.2 GFLOPs 14 &
9.5 GFLOPs, MR T2 463 fis, (B4 E& 2k,
SEPLTORG B R Y R AT

5] A C2f RFAConv (/i% B) J5, mAP A% 94.12%,
HEWR SN 93.14%, 315N 88.71%, 3 KL ERE Al
ILT 043%. 2.93%. 1.50%. B IARET R fip iy,
BAESTAEHE LR 2E A, SO B2 B o R 1 7
AR, TTRRAT R, AR TR 2Ll & S b iy B
M

)% CIU5| A ASFF F, mAP 27+ % 94.34%, 1

WA BR300 94.16% F1 87.73%, 4T+ 7T 1.08%
M1 1.52%, ZMEHIESR T 2 RIERHERLGRE S, (HIH5
¥ E 15.4 GFLOPs, WUARREZR 224 f/s, B THG
e, W RE S5,

TELHYIEH, 7% D (CMUNeXt+C2f RFAConv)
FMEAE, mAP ik 96.20%, HERNHE N 96.63%, R
H9225%, 4y FEUERE AR T T 2.51% . 1.55%.
6.04%, 1N 9.7 GFLOPs, Mi# 339 f/s, FHeEIERE
55N, 5% E (CMUNeXt+ASFF _F) mAP /4 95.89%,
HEWIR R 96.23%, IR A 91.78%, HBEHTHE D,
{BFERFAE RS J7 AT B AL # . J7% F (C2f_RFAConv+
ASFF_F) mAP } 94.75%, BALT RIS, (HARK
£ CMUNeXt [ 45 -

2, ASCHRHIK YOLO-SLB A58 4 T CMUNeXt,
C2f RFAConv 5 ASFF_F —#idt, PEREHRL. mAP ik
97.98%, BXEEMERIRISET; 429%; WEHHR 5 H KK
97.05% . 92.67%, Tt T 1.97%. 6.46%., R4&S K
W% 9.6 MB, 1AM 17.0 GFLOPs, MWiIFEEE 129 s,
AT LA T oK, B R Y TR S T 5 N
Hii3
3.4.2 XFHSEE

AR E T RN X, REIATH
MU BRI 45 X 25 AR R AE JE I 255
R H E2E2I68 07, R > P nl fets R i 1k
FEIEXT SEIG 2510 18 T . YIZRSR S RIS F T A S
PE TR L A T E R SRR . SRR A5 RN 4
FiR o

SEGEEERSEN] | YOLO-SLB 75 54 Ze s st

%3 Hakxps

Table 3 Results of ablation experiment

Improvement

Model Params/MB GFLOPs P/% R/% mAP/% FPS
CMUNeXt C2f_RFAConv ASFF_F

Base 6.12 8.2 95.08 86.21 93.69 526

A \ 6.37 9.5 95.20 90.87 95.72 463

B \ 6.4 8.4 93.14 88.71 94.12 228

C \ 9.1 15.4 94.16 87.73 94.34 224

D \ \ 6.45 9.7 96.63 92.25 96.20 339

E \ N 9.5 16.7 96.23 91.78 95.89 307

F v N 9.2 15.6 94.72 87.14 94.75 137
YOLO-SLB W v v 9.6 17.0 97.05 92.67 97.98 129
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SRR BE IR B T B =i 97.98% XT L YOLOVS Jiit
TRIERY, WERRR A RSN SF A DORS B oy 4R T T
0.97%. 4.46% 1 4.29%. 5 F W 1 £ % YOLOvS il
YOLOv7 #Htt, EARITHE EMSEEA I m, B2
PR 0 KG B A KR, il T 6.77% AN
10.05%. 5 YOLOVIO0 JFArBE Rt 1y, BARTEMER 3 |
TRET 0.31%, {HJEAEA FERAE- BRI Ligm T
5.70% 1 4.89%., %t YOLOvI1 JRIAREAY , HiEffK
3 [8] 5617 24 kS B 4 R4 L A1 il 2.64%
8.91% 1 8.11%, #£ FPS {UT K 2 f/s (IEHL T, AT LAUL
B YOLO-SLB [ZRMETH LT YOLOVI JRIRHA, 7F
5 RT-DETR WX tbH, S0ty Kig#d, BT
FEHI A Transformer 44, AR A S H0E T K,
FECFPS K, AIRETCEN TR ZS s, [REEEAG
DUKE BE I, o TR 2 & M A A B fE , i RT-
DETR 7 B4t ResNet50 ‘H 1 M 4% (RD-ResNet), L5
ZERATAATAL o O LS AE R T A, £ G &G IR

YOLO-SLB 782 H i /bR B G LA B A3, 756

SRS oK
3.4.3 ZibiEEn

J T it — SRRz AR ST, ASSCf ] NEU-
DET™ B SE A T30 00, B A 2 & R bE 2 1 5
R ) — D EEEREIR, AR K2R s AT AR
BLET 1800 Tk EIMG, B T 6 ik UL AY KA 2 1 B F
B, AR P4 (crazing). &4k (inclusion), BEHL
(patches) . YPGB (pitted surface). JEAE ALK (rolled-
in scale) LA X KR (scratches)., iXSEZ2 ARk B 2 AL fef
% NEU-DET BRI FITAL A ik pa Ui R gerk ae s
PR T H . ARSI R AL 5 PR,

Sy 4 LR W], YOLO-SLB 7E 4% 30 ¢ # 48 br
PIRI MBS g J1 . FEAS TR JTIH, YOLO-SLB
ik # T 79.55%, %W E & T YOLOvS 1Y 67.36% Fil
YOLOV10 1 69.13; #[01#Hy 73.26%, BEAIKT YOLOVS
() 80.40%, {HALT YOLOVIO [ 70.74% ., iX3W YOLO-
SLB 7£ /- iF ¢ = K R i Rl B, B 50 i PR &
RE o MeAh, TR |, YOLO-SLB Bt fs

%4 strbsEihs R

Table 4 Results of comparative experiment

Model Params/MB GFLOPs P/% R/% mAP50/% FPS
YOLOvV5 1.9 4.5 85.03 84.88 91.21 750
YOLOv7 5.73 13.2 91.59 79.89 87.93 679
YOLOv8 6.12 8.2 95.08 86.21 93.69 526
YOLOv10 5.80 8.2 96.36 84.97 93.09 667
YOLOv11 5.50 6.3 9341 81.76 89.87 131
RT-DETR 66.2 103.5 72.38 50.09 58.82 67

RD-ResNet 86.1 125.7 79.60 59.23 69.76 55
YOLO-SLB 9.6 17.0 96.05 90.67 97.98 129
%5 ZAUMERLER
Table 5 Results of the generalization experiment

Model Params/MB GFLOPs P/% R/% mAP50/% FPS

YOLOVS8 6.12 8.2 67.36 80.40 80.66 350

YOLOv10 5.80 8.2 69.13 70.74 77.75 356
SCHRI26] 19.0 / / / 79.90 62.5
SCHR27] / / / / 77.70 17.36
3Cik[28] / / 73.9 76.7 80.7 /
YOLO-SLB 9.6 17.0 79.55 73.26 81.31 106
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T 8131% M PERE R M, LT YOLOVS (1) 80.66% Fil
YOLOVI0 1) 77.75%, 7~ H HAE H AR 7 F1 53 FEHKG
BT 2R A

JAE SCHR [ 26] BT £ U7 5 7E mAP50% b3k B T
79.90%, {Hil T HZH8E Sk 19.0 MB, FHEBEIRIHFE
K, HARPEE FPS SFSChtM4ahR, PRI T HAE TR
YR BT R . TSR [27] EARGRIE TR A%
T+, {HH FPS XA 17.36 /s, MELLIH AR LA I ) 52 i
oK o SCHK [28] FART-HIAG IG5 5 80.7%, H 54
AR L, 3RIKT 0.61%, HHELZ T, YOLO-SLB
TERR R G BRI G 0 (S350 9.6 MB, TR &H
17.0 GFLOPs) R4 &, SLB T 106 f/s B 4 2 38
[Fi] B 38 1) 1 e e AP R DRE B (81.31%), At T
IS FE 550%, S AT Tk IREE T 09 & A ik a2 A
155
3.4.4 BT

H Pk — BAE YOLO-SLB 58 ik 76 S2br v FH o i A
UM S e, ARSCEERUT 2T WA YOLOVS Bk
DL K et J5 1) YOLO-SLB Bk, - 7e 4 R i il i 42 I
A3 R 45 B S AR IR R AT T Ak 5256 5 %) L
O30 FR AR SO FH ) R E e F SRS A 08 Bk o B i AR
T S bR = AR ), HAG AT 55 R LR L
OGS 0 A UL SR B T R O PRI, R A ml Ak S 55
BB, AN G A LA A3 1 1 il o 28 R R J R LA
TR, DA I SEBR Tl 3 o AT 45 75 >R S5 5
R

SEYSEE RN 11 fas, PR AR R A RE A A BK
U L b RO B AP . KT, A SCHE T ) YOLO-

SLB AR FEAGHIN o 2R 7 T T A S, AN R 5 4R
FET ARSI EAF B, A D S 4 A B I e B B R
etk XTI 11(a) 5] 11(b) MR INES SR AT LUK IR,
YOLO-SLB #BI7E Z A4~ J5 A T YOLOv8 ALY, A
DB B =, RIS YOLOVS A5 K BEAG
2N EbR, JEHAE/N BARAINAT 55 v 2 B0 g e FkG
WE. Ak, TR 42 HbR i &AL, YOLO-SLB
B S i BRI ), A S0k T YOLOVS
BRI P AETE R I A (), 25 B RTR, AR T SE ki
YOLOV8, YOLO-SLB 7EHE AN B 77 A W i 427t
[ it LA B /D G SRS IR 0L, R B B 5 1 S P g
T,

4 45 g

AR SR X R Lt L S A O SR B A v B AR RS
BRBAASTR G 22 22 LA S SR A 77 PR 500 R A TR 4
[, A SCHE R T —FP e iE Ry YOLO-SLB Ao il 532
DABR T A DNHE B Bk .

Wt 5] A CMUNeXt Block 1458 B 1’ 2% 1 23 [a] {5
HZHRES, ¥it C2f RFAConv Bl LI 4 S5
LR MR IR, IF kRS 2 RO B
ASFF_F £ sk, 2 8T T BRI i/ Nl B 1 8RR g
T 5FHERIKRGE ST . LREEHREW, YOLO-SLB £
B B RTINS B L #RJE GG YOLOVS A AL 53 5
PTHT 0.97% . 4.46% F14.29%, [FIA{E NEU-DET Tl
BB LE EARFY 81.31% MUK IDRE B, B B if
iz feRe ) 5 S I E.

Small target False negative

False positive

Edge target Complex target

B 11 RHERsmeER.
Fig. 11 Results of qualitative experimental analysis. (a) YOLOVS; (b) YOLO-SLB

(a) YOLOV8: (b) YOLO-SLB
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Abstract

Objective Lithium-ion batteries are critical components in modern energy systems, and their safety and reliability heavily depend on the
quality of cell manufacturing. Detecting surface defects on battery cells—such as scratches, pits, wrinkles, and corrosion—is essential yet
challenging due to the small size, high diversity, and complex morphology of these defects. Traditional inspection methods, including
manual visual checks or conventional 2D imaging, struggle with low accuracy, high false/missed detection rates, and sensitivity to lighting
variations in real-world production environments. Moreover, data acquisition under industrial conditions is often hindered by reflective
surfaces (e.g., aluminum-plastic film) and inconsistent illumination. To address these issues, this study aims to develop a robust, high-
precision defect detection model tailored for structured light imaging, which provides stable, high-contrast 3D-like surface information
while mitigating environmental interference.

Methods We propose YOLO-SLB, an enhanced YOLOVS architecture specifically designed for micro-defect detection on battery cells
using structured light images. The model introduces three key innovations. First, the backbone integrates CMUNeXt Blocks featuring large-
kernel depthwise convolutions in an inverted bottleneck structure to strengthen spatial feature interaction and preserve fine details critical
for detecting minute anomalies. Second, the neck employs a novel C2f RFAConv module that replaces standard convolutions with
receptive field attention convolution (RFAConv), which dynamically generates convolutional weights to overcome the limitations of static
weight sharing in large kernels, thereby improving fusion between shallow spatial and deep semantic features. Third, the detection head is
redesigned as ASFF_F—a four-branch adaptive spatial feature fusion module that not only applies learnable scale-wise weights but also
adds a dedicated micro-target detection path directly utilizing high-resolution shallow features. This reconstruction enhances multi-scale
perception and reduces information loss during feature pyramid operations. The model is evaluated on SLBD, a new dataset of 477 original
high-resolution (1520 pixelx2000 pixel) battery cell images captured via line-scan cameras under structured light, augmented to 3147

Foundation item: Special Project for Pilot and Demonstration Construction of Digital Economy in Hubei Province (2312-420625-04-02-99663), Hubei
Provincial National College Students' Innovation and Entrepreneurship Training Program (S202311075047)
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samples covering eight common defect types.

Results and Discussions The experimental results show that the proposed model achieves an average detection accuracy of 97.98%,
with precision and recall rates of 97.05% and 92.67%, respectively, which are 4.29%, 1.97%, and 6.46% higher than those of the
benchmark model YOLOVS. Extensive experiments on the NEU-DET public dataset also verified its good generalization performance, with
an average detection accuracy improvement of 0.65% compared to the benchmark model, indicating that this method has high engineering
application value.

Conclusions YOLO-SLB effectively addresses the core challenges of micro-defect detection in lithium battery cells by synergizing
structured light imaging with architectural innovations in feature extraction, fusion, and detection. The integration of CMUNeXt,
C2f RFAConv, and ASFF _F significantly boosts sensitivity to small anomalies without compromising robustness. The model's high
accuracy, generalization capability, and real-time performance underscore its engineering value for automated quality control in battery
manufacturing. Future work will explore semi-supervised learning and online model updating to enable continuous improvement using
unlabeled production data.
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