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Abstract 

In Li-ion batteries, the mechanical degradation initiated by micro cracks is one of the 

bottlenecks for enhancing the performance. Quantifying the crack formation and evolution 

in complex composite electrodes can provide important insights into electrochemical 

behaviors under prolonged and/or aggressive cycling. However, observation and 

interpretation of the complicated crack patterns in battery electrodes through imaging 

experiments are often time-consuming, labor intensive, and subjective. Herein, we 

develop a deep learning-based approach to extract the crack patterns from nanoscale 

hard X-ray holo-tomography data of a commercial 18650-type battery cathodes. We 

demonstrate efficient and effective quantification of the damage heterogeneity with 

automation and statistical significance. We further associate the crack characteristics with 

the active particles’ packing densities and discuss a potentially viable architectural design 

for suppressing the structural degradation in an industry-relevant battery configuration. 

 

Keywords: Li-ion battery; crack detection; deep learning; X-ray holo-tomography; Phase 
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1. Introduction 

Li-ion batteries (LIBs) are electrochemical systems, increasingly used for powering 

portable electronics and electric vehicles. Their high energy density and good cycling 

performance make them outperform many other energy storage solutions. However, 

further increase in energy density, power density, life-time, and safety need to be 

persistently pursued due to the growing demands in various application. 

Chemomechanical breakdown is an important fading mechanism in LIBs that affects 

many aspects of battery performance. It has been broadly reported in almost all LIB’s 

components including anode, solid-electrolyte interphase, and cathode [1–4]. An in-depth 

understanding and quantification of the crack formation and distribution in a statistically 

meaningful manner can direct the future research for reducing the detrimental effects and 

improving the manufacturing procedures. 

In this work, we utilize micro- and nano-scale X-ray tomography to image the inner 

structure of an electrochemically abused 18650-type cylindrical cell. The cracking 

phenomenon in commercial cells is of particular interest to this industry because the 

manufacturing procedure is often already “optimized” through trial-and-errors. 

Nevertheless, it has been reported that, in commercial cells, poor mechanical robustness 

and deactivation of cathode particles and particle clusters due to contact failure could 

arise in the presence of non-uniform packing [5]. In another work, it was reported that the 

delaminated region in the cathode could be associated with severe particle cracking [6]. 

To establish a deeper understanding with statistical significance and, subsequently, to 

make an informed improvement in electrode manufacturing, crack detection and analysis 



 
 

 
 

with automation is pivotal. To achieve this goal, material scientists need to leverage novel 

developments in advanced computing. 

Machine learning, especially deep learning, has been widely adopted for material 

research due to its inherent capability in processing massive data and high-dimensional 

analysis. For instance, Jiang et al. [7] proposed a deep convolutional neural network 

approach to segment thousands of battery particles, which facilitates the statistical 

analysis, showing that active particles of different size would detach from the conductive 

matrix differently. This development, however, cannot be directly applied to the crack 

detection in our case due to the irregularity of the particle’s morphology in our sample.  

Herein, we develop a deep-learning method for automatically identifying the cracks in the 

tomographic images of composite cathode retrieved from a commercial cell. Specifically, 

a state-of-the-art U-Net-based neural network [8] is trained and applied to our data. Each 

slice of the tomography data is processed separately and then the 3D crack distribution 

is assembled by merging all the slices. Our method provides an efficient yet precise 

segmentation for the 3D crack network.  

We demonstrate the effectiveness of our approach by mapping the heterogeneous 

degradation in an electrochemically abused 18065-type battery cathode [9,10]. We 

associate the local damage density with the corresponding packing density, which reveals 

a depth-dependent profile. Our approach for large-scale high-throughput crack detection 

eliminates the potentially biased conclusion yield from conventional labor-intensive 

manual analysis. We anticipate that the developed technique and the resulting findings 



 
 

 
 

could critically inform the design of electrodes from commercial LIBs with better 

performance.  

2. Materials and Methods 

2.1 Nanoscale synchrotron phase-contrast holotomography  

Synchrotron X-ray phase contrast imaging (XPCI) generates image contrast stemming 

from X-ray phase shift induced by the sample, which could provide substantially improved 

sensitivity. It is particularly powerful for imaging the light (low-Z) materials, e.g., carbon 

and binder domains in composite battery cathode [11]. Hence both the transition metal 

oxides (the active cathode particles, LiNixMnyCo1-x-yO2) and the porous carbon and binder 

matrix can be visualized with adequate quantitative sensitivity [7,9]. To investigate the 

micromorphology of LIB cathode with high spatial resolution down to the nanoscale, the 

X-ray phase contrast holotomography measurements were performed at the ID16A-NI 

nano-imaging beamline at the European Synchrotron Radiation Facility (ESRF) in 

Grenoble, France. This beamline features a high-energy hard X-ray nano-probe, which 

delivers a brilliant flux (up to 1012 photons s−1 at ΔE/E ≈1%) within a nano-focus down to 

~20 nm. Its unique performance was implemented through two pairs of advanced 

multilayer-coated Kirkpatrick–Baez (KB) optics, operating at 17 and 33.6 keV 

respectively. Our LIB cathode sample was placed downstream of the KB focus under the 

illumination of 33.6 keV X-rays. Magnified holograms were acquired by a FReLoN 

charged-coupled device camera with 4096 × 4096 pixels of 1.5 μm binned in 2x2 mode. 

The large magnification of the cone beam geometry leads to an effective pixel size at ~70 

nm. One entire phase contrast nano-tomographic volume was obtained acquiring the data 

at four different sample-to-focus distances. For every distance, 2000 projections were 



 
 

 
 

recorded with 0.2 second exposure time. The projections collected at the four distances 

were used in the phase retrieval process to reconstruct the corresponding 2D phase map 

for each angle [12]. The retrieved 2D phase maps were subsequently fed into a 

tomographic reconstruction algorithm using classical filtered back projection (ESRF 

PyHST software package [13]). The grey levels in each voxel of the resulting 3D volumes 

are proportional to the real part of the complex refractive index, which is governed by the 

local distribution of the electron density in the sample. 

2.2 Architecture of the U-Net based deep learning approach  

The deep learning network used here exhibits a U-Net based deep convolutional 

architecture [8]. The effectiveness of U-Net, especially with limited training dataset, has 

been demonstrated in many applications [14–17]. The crack detection network is a typical 

full convolution network, which is composed of an encoder and a decoder. The detailed 

structure of the network is shown in Fig. S1. Firstly, the 2D slices extracted from the 3D 

reconstruction of the electrode are fed into the network. The encoder network compress 

each raw image into a set of “features” that represent the morphological characteristics 

of the cracks. The encoder network is composed of five convolution modules, and each 

convolution module consists of two 3x3 convolution layers and the ReLU activation 

function [18]. The convolution modules are connected by a maximum pooling layer [19]. 

The function of the maximum pooling layer is to down-sample the input data in order to 

reduce the computational cost of the network. Then the encoded data is decoded by the 

decoder network, which progressively optimizes the crack detection results. The decoder 

network is also composed of four convolution modules. Each convolution module is 

connected through up-sampling convolution. In addition, the decoder network is 



 
 

 
 

connected with the encoder through the skip-connection structure, which provides 

sufficient context information that further improves the accuracy.  

The training and verification process of the network is shown in Fig. 2. In our 

implementation, the training dataset has 48 images and the verification set has 16 images. 

All the images are 512x512 pixels, and they are randomly selected by slicing the 3D 

volume at different depths and in different orientations. We note here that thanks to the 

U-net architecture and the data augmentation strategies, i.e., a series of random changes 

such as rotation, scaling, cropping, etc., the network model is well trained and performs 

remarkably well on unseen images. We define the loss function of the network as the 

sigmoid cross-entropy [20], which can evaluate the detection results of the network and 

quantify the error. The crack detection network is implemented on the TensorFlow 

framework. The built network was deployed on a workstation with 2.2 GHz Intel Xeon 

silver 4114 CPU and NVIDIA Quadro p6000 graphics processor (GPU). 

3. Results and discussion 

3.1 Multi-scale structural hierarchy of an 18650-type battery 

 



 
 

 
 

 

Fig. 1. The multi-scale structural hierarchy of an 18650 Li-ion battery cell. (a-b) The 3D 

rendering and a zoomed-in region of the microtomographic data of the cell. (c) A randomly 

selected sub-volume of the cathode obtained from synchrotron nano-resolution phase-

contrast holotomography. (d) 2D slice of the reconstructed volume in (a). Two regions of 

interest showing cathode cracks are enlarged in the left insets. (e) and (f) The 2D vertical 

and horizontal slices of the reconstructed volume in (c), respectively. The cathode cracks 

are highlighted by red arrows. 

 

We carried out an X-ray overview of the 18650-type battery cell using microtomography 

[6]. As shown in Figs.1a-b, the jelly roll structure of the cell can be clearly visualized. The 

cathode, which consists of LiNi0.5Mn0.3Co0.2O2 (NMC532), and the anode’s Cu current 

collector show strong contrast, while the graphite anode and the cathode’s Al current 

collector are relatively transparent. We further disassembled the cylindrical cell in an 



 
 

 
 

argon-filled glovebox and harvested the regions of interest as identified by our 

microtomographic overview of the cell. The recovered regions of interest are then 

scanned using synchrotron-based nano-resolution holotomography. In our experiment, a 

spatial resolution at 70-100 nm with quantitative phase contrast was achieved, allowing 

us to visualize and quantify the delaminated regions and cracked NMC particles in greater 

details. As shown in Figs. 1e-f, the cathode of this cell is made of irregularly-shaped 

secondary particles at 3-4 μm. They are fairly closely packed and their damaging degrees 

are quite heterogeneous. 

This particular commercial cell is intended for fast-charging applications. Therefore, active 

particles with small size were used for reducing the lithium diffusion length and promoting 

the reaction kinetics during the fast-charging process. The observed intra-secondary-

particle cracks originated from the electrochemical cycling are even smaller, at ~1 μm or 

smaller. Another thing to highlight is that our holotomography data covers a large field-of-

view (at ~500x500 μm). This offers very rich information regarding the spatial 

heterogeneity of the electrochemical behavior, chemomechanical breakdown, and the 

active particle packing. It is, however, challenging to manually segment the particle cracks 

or to use conventional image processing algorithms for this task. In this context, the herein 

developed deep-learning approach becomes essential to effectively and faithfully analyze 

the imaging data with both large field of view and high resolution. 

3.2 Deep-learning-based automatic crack detection 

 



 
 

 
 

 

 

Fig. 2. The pipeline of the proposed deep-learning-based method for detecting the 

particle cracks in the holotomography data. (a) A small set of 2D images is extracted from 

the 3D data volume for training the neural network. Training data is manually labeled and 

further augmented through shift, rotation, cropping, etc. The U-Net architecture is adapted 

in our framework. (b) The trained model is applied to the large images tile-by-tile and the 

final result is obtained through fusing the detection results for all the tiles. 

 



 
 

 
 

Fig. 3. Representative examples of the crack detection results and the comparison 

against that of a conventional approach. (a) The trained model is applied to each slice of 

the tomography data and an overview of the crack distribution is obtained. (b) Three 

selected regions. (c) and (d) The corresponding crack detection results obtained by our 

deep-learning method and the conventional image-intensity-based segmentation 

approach, respectively. 

 

To perform quantitative and statistical analysis of the particle cracks in these images, we 

build a set of automatic identification models based on the deep neural network technique. 

The whole pipeline of our framework is shown in Fig.2. Specifically, a small set of the raw 

images is preprocessed by cropping into subsets of 512x512 blocks. We labeled the 

particle cracks manually to obtain the ground truth for the training and validation purposes. 

We used 75% of the manually labeled data as the training data and the rest was used as 

the testing set to evaluate the network performance. To enrich the training set and to 



 
 

 
 

improve the generalizability of the trained model, we performed the data augmentation by 

translating, rotating and scaling the image blocks. This step acts as a regularizer and 

helps reduce overfitting and, subsequently, boosts the network performance. Finally, we 

applied the well-trained model to the original data using a sliding window and stitched the 

results to obtain the final output. Compared with directly working with the full-size image 

or the 3D data, the adopted strategy can reduce the required the computing resources 

dramatically. The training and validation losses are presented in Fig. S2. 

With this deep-learning-based detection method, we accurately quantify and analyze the 

crack level for a large number of NMC particles in the imaged volume. As shown in Fig.3a, 

each slice from the tomography data is extracted and the trained model is applied to 

obtain the crack distribution. Three randomly selected regions are presented in Fig.3b, 

and their corresponding detection results by our method are shown in Fig.3c. All particle 

cracks can be accurately identified and even for those challenging regions (i.e. void and 

segregation of carbon/binder) are handled properly. To verify the advantage of our 

method, we compare to the conventional thresholding-based image segmentation 

algorithms, which is shown in Fig. 3d. Conventional approach clearly failed to separate 

the crack and void regions, whereas our deep learning approach demonstrates 

significantly improved performance. This shows that the trained model can almost 

achieve the human-eye performance and replace the large amount of labor required for 

conventional manual labeling.  

3.3 Quantification of heterogeneous degradation in composite battery cathode 

Build upon our deep-learning-based method, we quantified the crack level from the 

particle level to the electrode level. The shapes of these particles are irregular and they 



 
 

 
 

are tightly packed and heterogeneously fragmented. We choose to evaluate a moving 

window of 50x50 pixels, and use the quantified crack area to color-code the image forming 

a damage density map.  

We first compare the top and bottom layers in the electrode (the lateral virtual slices are 

shown Figs.4a and 4b; ~5 μm from the top surface, close to separator, and ~5 μm from 

the bottom surface, near the aluminum current collector, respectively) and two selected 

regions are enlarged for better visualization. The cracks in both layers are automatically 

identified using the deep learning method. The respective damage density maps are 

calculated and shown in Figs.4c and 4d, respectively. Overall, the particles close to the 

separator show more severe morphological damage than those close to the current 

collector. To further quantify this phenomenon, we plot the cracking profile across 

different z positions in Fig.4e. The damage density shows a clearly depth-dependent 

pattern, which indicates that the degree of the cathode damage is not uniform. The degree 

of cracking gradually decreases and tends to become stable as the distance from the 

separator increases.  

 



 
 

 
 

 
 
Fig. 4. Quantification of heterogeneous degradation in composite battery cathode. (a) 

and (b) Two slices that are close to the separator and the current collector, respectively. 

Small regions are magnified for better visuallization. Arrows point to the cathode fractures. 

(c) and (d) are the corresponding damage density map of (a) and (b) respectively. (e) The 



 
 

 
 

cracking profile as a function of the depth, i.e., the z positions. (f) Comparison of the 

probability distribution of the particle damages in (a) and (b). 

 

In addition to the depth-dependent cracking profile, which is a 1D representation of the 

inhomogeneous degree of active material utilization at the electrode level, our imaging 

data also offer valuable insights into the lateral and, more importantly, the spatial 

complexity. This is shown in the damage density maps in Fig.4c and 4d. It is observed 

that the slice near the seperator is populated with red and yellow regions, while more 

green and blue regions can be seen near the current collector. We further plot the 

probability distributions of the damage degrees over these two slices in Fig.4f. A clear 

peak shift between these two distributions can be clearly seen.  

A similar finding of the depth-dependent cathode fracturing has been reported in our 

previous studies [7,21] for the electrode made of spherical secondary NMC particles in a 

coin cell configuration. This consistency suggests that the electrochemical polarization 

effect is ubiquitous, regardless of the particle morphology and cell configuration. 

3.4 Association of particle cracks with energy density 

The mechanical damage on particles and electrodes is clearly detrimental. Engineering 

efforts are needed to improve the robustness of individual particles and to formulate a 

better strategy for packing the particles together. Generally speaking, the particle packing 

density is positively correlated with the effective energy density. However, a balance 

between the energy density and the life time shall be carefully considered as we will 

demonstrate, in this work, that their interplay is rather sophisticated.  



 
 

 
 

To gain further insights, we conduct a statistical analysis on the relationship between the 

packing density and the damage degree in the imaged cathode. In addition to the crack 

density maps, we calculate the corresponding particle densities. In Figs.5a-d, the maps 

of damage density and particle density are shown for two slices at different depth. Fig. 

5e shows the correlation plot between particle density and damage density for the entire 

imaged electrode. Overall, as the particle density increases, the particles exhibit a severer 

mechanical damage, which is supported by the fitted line with positive slope. This may be 

because regions with dense particle packing could experience a larger local current 

density, which leads to an over-used effect as well as a higher probability of side reactions 

during battery cycling.  

However, if we look at the spatial density maps in Figs.5a-d, there exists interesting 

patterns between these two different slices. For the slice close to the current collector, 

the particle density map positively correlates with the damage density map, which aligns 

with the overall trend. For the slice close to separator, however, regions having less 

particles show higher damage. This phenomenon is further illustration by Fig. 5f, where 

the correlations between particle density and damage density are plotted layer-by-layer 

from the slice close to current collector to those close to separator. This is an very 

interesting observation and we provide a plausible narrative here. Near the electrode 

surface close to the separator, the overpotentials are larger. Therefore if the particle 

packing is low, only few particles undergo the reaction of Li (de)intercalation with high 

kinetic rate. This should stress the crystalline structure and trigger the particle cracking. 

If many particles are present, instead, the reaction occurs more diffusively so that the 

local overpotential is lower and the kinetics less impactful. 



 
 

 
 

These results indicate that, in order to reduce the particle cracks, adaptive strategies of 

particle packing density for different depth should be considered. That is to say, for the 

top layer close to the separator, larger particle packing density may be used to reduce 

the overall particle cracks. Overall, a structural gradient throughout the depth of the 

electrode may be necessary for a global optimization.  

 

Fig. 5. Association of particle cracks with energy density. (a) and (b) Damage density 

map and particle density map of a slice close to the separator. (c) and (d) Damage density 

map and particle density map of a slice close to the current collector. (e) The correlation 

plot of particle density and damage density over the entire imaged 3D volume. The overall 

positive trend is indicated by the white fitted line. (f) The correlation between particle 



 
 

 
 

density and damage density is plotted layer-by-layer. A positive-to-negative transition is 

observed. 

 

Conclusion 

Particle and electrode cracking in Li-ion battery cathode has been broadly observed, yet 

its mechanisms and behavior have not been completely understood. Several strategies 

have been proposed to resolve this problem, such as reducing the particle size and 

introducing electrolyte additives. However, the investigation of cathode particle and 

electrode cracks in realistic cells is time-consuming and subjective to manual 

interpretation of the complicated imaging data. Thus, we develop a deep learning-based 

approach to automatically extract the crack patterns of a commercial 18650-type battery 

cathode. Our method quantifies the 3D reconstructions obtained by nanoscale hard X-

ray phase-contrast holotomography. The damage heterogeneity in the imaged cathode 

is quantified with statistical significance. The association between the damage density 

and particle packing density provides a potential viable approach to globally optimized 

the structural robustness by adaptively incorporate a depth-dependent structural gradient. 

This work also highlights the effectiveness of advanced machine learning approaches to 

accelerate the imaging data analysis for energy materials science. 
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