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Non-destructive imaging defect detection in lithium-ion batteries: a survey
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Abstract: Lithium-ion batteries have become the core energy storage devices in consumer electronics, electric vehicles,
and energy storage systems due to their outstanding advantages, such as high energy density, long cycle life, and high
charge—discharge efficiency. However, owing to the complex internal structure of batteries, various defects, including elec-
trode and separator defects, are prone to occur during manufacturing. The presence of such defects may induce short cir-
cuits, thermal runaway, and other hazardous reactions, which can lead to battery leakage, fire, or even explosion. Non-
destructive imaging defect detection approaches have been extensively employed in full-process quality inspection of
lithium-ion battery manufacturing owing to their non-destructive nature, high precision, and high efficiency. This paper
presents a comprehensive survey of defect detection methods based on both visible-light and non-visible-light imaging for
lithium-ion batteries. This review systematically summarizes the working principles, performance characteristics, and
applicable scenarios of various detection techniques, and analyzes the existing technical limitations. Visible-light imaging-
based defect detection methods for lithium-ion batteries generally adopt artificial light sources coupled with industrial cam-
eras to capture surface images of batteries, and then employ image processing algorithms to identify various surface
defects. This represents the most widely used scheme for the inspection of surface defects on lithium-ion batteries. This

paper elaborates on three major categories: image processing-based methods, traditional machine learning-based methods,

Yo#m B #1 :2026-06-27 ; 1& E H £ : 2026-08-27
EEWA : [RARPAEEIIH (61573183)
Supported by : National Natural Science Foundation of China (61573183)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

and deep learning-based methods. The core idea of image processing-based methods is to enhance the contrast between
defective regions and the background through image preprocessing and feature extraction, thereby realizing defect identifi-
cation and segmentation. On this basis, this paper further discusses image fusion, to improve the detection capability for
tiny and complex defects. Traditional machine learning-based methods incorporate machine learning algorithms on the
basis of image processing and construct defect recognition models by extracting handcrafted features, such as texture,
shape, and gray-level features, from images to classify and identify defect types. Deep learning-based methods signifi-
cantly improve the accuracy and efficiency of defect detection, especially for tiny and complex defects. By automatically
extracting deep-level defect features from large-scale image datasets without manually designed feature descriptors, these
methods enable end-to-end defect identification and segmentation. This paper highlights the application of data augmenta-
tion in few-shot scenarios and the deployment of Transformer-based models. Non-visible-light imaging-based defect detec-
tion methods for lithium-ion batteries address the limitations of visible-light imaging by employing technologies such as
laser imaging, infrared imaging, ultrasonic imaging, computed tomography (CT) , X-ray imaging, and electromagnetic
imaging. These modalities enable accurate detection from the external surface to the internal structure of batteries. These
imaging modalities provide multi-dimensional information ranging from microstructures to overall morphologies. They com-
pensate for the deficiencies of visible-light imaging and form a complementary relationship with visible-light imaging meth-
ods, thereby establishing a comprehensive defect detection system. Laser imaging enables accurate detection of tiny
bulges, scratches, and thickness variations on battery surfaces. With high detection precision and strong anti-interference
capability, it is suitable for precision defect inspection of battery electrodes, casings, and other components. Neverthe-
less, it suffers from relatively high equipment costs and low detection speed. Infrared imaging utilizes the fact that internal
defects cause local temperature anomalies. By capturing temperature distribution images via infrared thermal imagers,
these devices identify internal defects based on temperature differences. When defects such as internal short circuits or
separator damage occur, defective regions exhibit abnormal temperatures due to local heat generation, allowing rapid
defect localization. Ultrasonic imaging can accurately detect internal defects, including electrode delamination, separator
damage, internal voids, and impurities. It exhibits high sensitivity in detecting defects such as internal gassing and lithium
plating. However, its penetration ability for high-density materials is limited, and it is susceptible to the complexity of bat-
tery internal structures. CT imaging employs multi-angle X-ray scanning combined with computer reconstruction algo-
rithms. This enables clear visualization of subtle internal defects such as electrode misalignment, separator damage,
lithium dendrite growth, and internal impurities. It provides extremely high detection precision and supports multi-scale
morphological imaging from microscopic features to full-size batteries. X-ray imaging identifies internal battery defects
based on X-ray transmission images. It features fast detection speed and online inspection capability, making it suitable for
rapid screening of internal defects in large-scale production. Electromagnetic imaging is based on the principle of electro-
magnetic induction. It identifies conductive and insulation defects inside batteries, such as internal short circuits and cur-
rent collector fractures, by detecting variations in electromagnetic signals. It offers the advantages of non-contact opera-
tion, radiation-free detection, and high detection speed. With the continuously increasing requirements for lithium-ion bat-
tery defect detection, 3D imaging-based methods establish three-dimensional models of batteries via 3D imaging technol-
ogy. This enables the acquisition of three-dimensional features such as defect size and surface topography, thereby address-
ing the limitations of two-dimensional images in defect characterization. Although visible-light and non-visible-light
imaging-based defect detection methods for lithium-ion batteries have achieved remarkable progress and have been widely
applied in industrial production, several urgent challenges remain. First, small-sample defect detection capability is insuf-
ficient, which limits the generalization ability of deep learning models and makes it difficult to adapt to diverse and complex
defect scenarios. Second, multimodal image fusion technology is still immature, hindering the full utilization of the advan-
tages of various imaging modalities. Third, real-time detection performance needs to be improved, as some high-precision
detection methods (such as CT and deep learning algorithms) suffer from low computational efficiency. Fourth, the cost of
detection equipment is relatively high, especially for non-visible-light imaging and 3D imaging devices. Fifth, unified stan-
dards for defect detection and evaluation are still lacking. Finally, based on the above issues, this paper discusses future

research directions and puts forward several feasible suggestions.
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Fig. 1 Mind map of non-destructive imaging-based defect

detection for lithium-ion batteries
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Table 1 Common defects of lithium—ion batteries
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Table S Comparison of segmentation network methods
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;ﬁ%;m“ (Qiao 1 b s B (WARM) 5 Unet 454 M SR 25 P 22 AP:78.30%
B 2
U2—Net ( F 3 45 | F2 B U2-Net iS40 RS0 AR B4R SCHR 3R R 5 76 b BRI MO B iRl 99.98%
2024) B JNBEAR N b Y
0.06%

M 3 DeepLabV3 (] {8 FH ResNet101 1 A REAEHE UM 45 | [A] A 5
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Table 6 Comparison of classification network methods
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BT BT hﬁﬁ
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SqueezeNet( Yang 55,2020) T2 SqueezeNet I 43 IR EE T — /038 5 4r 2545 98.75%
TN . TE 26 i A B BRI SR 25 0 K 2 T A AR A A 22 OB R AR 5 5 )2 458
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EFIN 1Y ResNet—18(Schoo %4,2023)  JETRIIZAx #3471 25 96.30%
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B T 01 L PN B8 4 e SN BBk F o LI, SN
B AR A RGN =K, G0 O (204 i
A LCT X SRR RERLR 55 o X 28 50 X oRah 1
A DL ARG T — S ffe o AN SR AR 8OR 22 DA e
JCEAE B 25— H 3 2 A 00 R PN A B AN A2
3.1 EFHARGHESRFBEBEREKRNT X

PO A DU 4 A2 LA R A S E 2 fih
M AR, 76 R 25 F L s A T v 36 R
AT 6 B A OB R TR WOt MLIE I =k
B SO A 4 FTER AR 2, BB S E X E B 1l
AN/ INGR B R ADES U RS 45 5 7 ek
Do X AT WO AR Tk B Il 2 5 AR R 5 2
F14) 2% THT S IV 3% 1T SR 3 28 R AT TR 4 ) AR AR, o

AT iR e SO R DG R R B2 (), 4 45 55
N (2020) K R EFOCE R EUR S Hrrik . il
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Table 7 Comparison of few—shot methods
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B BT R AR (Din 85, 2023a)
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] RE G SRR U
K i 22

X it 9 A BN G K A
f10 5 B R RR AT —
KU I A A &
AT RE LR

R S|
AE & WA A RN Y =
B MR 20, B 2
5 SR A RS T 3 B 2
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84.00%

98.10%

96.10%

91.25%

94.40%

97.70%

90.00%

98.00%

89.75%

PeIRBUARIMG , T4 —Fh g A W B 5 e W2 > 1)
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Table 8 Comparison of transformer methods

Ik BRIEE TTHR PERESE b3
Wrgd AR BN T R B A S B AE A T
AIA DETR(Yang % ,2023a) ilg;mmer%ﬁ%mm AR PG 1 (0 75 £ 6, TR Sl AP481.90%
A BE BRI 15E
- 5 DDPM 1 DDPM+ILVR M HE, DIT £E A -
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Table 9 Comparison of laser image inspection methods
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#1212 (convolutional long short-term memory, Con-

VLSTM ) #1228 ) 28 A5 1 Ft) ri, b R o A 00 7 32, AR A0

SR A AR P R R3] P el P A SR
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Table 10 Comparison of infrared thermal image inspection methods
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L it S o 4 S

BE T OB AR R — B R B BURE
LSS TSN

(50 e vt O S 42 DX AR S SRR AR B 20 2 HET R IK B 95% , F Bl B FE A
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Table 11 Comparison of ultrasonic image inspection methods
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Comparison of CT image inspection methods
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Table 13 Comparison of X-ray image inspection methods
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Table 14 Comparison of electromagnetic image inspection methods
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Table 15 Comparison of non—visible light imaging methods
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Table 16 Comparison of methods based on 3D imaging and image processing
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Comparison of methods based on 3D imaging and deep learning
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Table 18 Comparison and analysis of different imaging modalities and detection methods
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