




Battery Imaging Library: Multi-length scale and multi-modal

synchrotron and laboratory battery imaging data for all
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Abstract

Battery research increasingly relies on advanced imaging, yet open access to such data remains rare, scattered across

various sources, and difficult to find. The Battery Imaging Library (BIL) is the first open, curated collection of

multi-modal and multi-length scale battery imaging datasets, accompanied by a searchable, FAIR-compliant website.

Distinctive features include the release of raw experimental data (radiographs, sinograms, X-ray and electron diffraction

patterns) together with rare operando and multi-resolution datasets. Each dataset is linked to Zenodo DOIs with metadata,

ensuring persistence and citability; open-source Python scripts for preprocessing and reconstruction are also provided

for various CT modalities. BIL enables algorithm benchmarking, machine learning, and teaching using experimental

and industrially relevant data. By combining coverage across modalities, length scales, and chemistries with raw data

accessibility and a FAIR-aligned web platform, the Battery Imaging Library provides a foundation for openness and

reproducibility in battery imaging. The library is available here: https://www.batteryimaginglibrary.com
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prevent realistic benchmarking of reconstruction, denoising, segmentation, or machine learning methods. Informal

access via direct correspondence with authors is inequitable, often unsuccessful, and unsustainable as a mechanism for

community sharing.

Existing repositories are limited in certain aspects. Large datasets tend to be instrument specific: TomoBank [9],

CCPi [10] and FIPS [11] datasets for X-ray tomography or the EMBD [12], Warwick EM [13] and Aversa et. al [14]

datasets for electron microscopy. These often do not include raw data (sinograms, spectra, diffraction patterns etc.), and

datasets which do - often for algorithmic benchmarking - tend to be of specific materials (walnuts, lungs, etc.) [15, 16,

17]. Battery imaging data tends to be fragmented single-sample records, and although others works like the National

Laboratory of the Rockies’ battery microstructure library [18], or the Glimpse platform [19] are more general and offer

more accessible entry-points, they are still instrument-specific. As a result, whilst valuable within their domains, these

resources do not capture the full multimodal and multi-length scale landscape of modern battery imaging, nor do they

enable reproducible analysis pipelines from raw detector data.

To address this unmet need, we introduce the Battery Imaging Library (BIL): the first open, curated repository that

combines multi-modal and multi-length scale coverage with raw data and industrially relevant samples. BIL spans

multiple complementary imaging modalities, specifically laboratory and synchrotron X-ray micro-CT, laboratory and

synchrotron X-ray nano-CT, neutron-CT, synchrotron X-ray powder diffraction CT (XRD-CT), synchrotron multigrain

3D scanning three-dimensional X-ray diffraction (3D-S3DXRD), synchrotron 3D X-ray absorption near edge structure

CT (3D XANES-CT), laboratory atom probe tomography (ATP) and 2D/3D FIB-SEM/EDS/EBSD, covering full

commercial cells, electrodes, and individual particles. Critically, the library consistently includes raw data (radiographs,

sinograms, X-ray diffraction patterns, EBSD Kikuchi patterns), enabling complete analysis pipelines and supporting

algorithmic innovation.

BIL includes a dedicated website (https://www.batteryimaginglibrary.com ), which provides a searchable

interface for exploring datasets by size, modality or chemistry. Each dataset is linked to a Zenodo DOI and enriched

with metadata, ensuring persistence, citability, and compliance with FAIR (Findable, Accessible, Interoperable, and

Reusable) principles [20]. This web-based platform directly addresses a key barrier in the field: the absence of any

reliable way to search for or retrieve battery imaging datasets. By lowering the barrier to entry, the website makes BIL

accessible not only to specialists, but also to educators, students, and developers from adjacent fields such as computer

vision and AI.

BIL has three primary goals:

• Democratising data: making state-of-the-art imaging data available without restriction, lowering barriers for both

early-career researchers and established groups.

• Enabling method development: providing complete, realistic datasets for algorithmic benchmarking in reconstruc-

tion, denoising, segmentation, super-resolution, spectral unmixing, and multimodal data fusion.

• Supporting education and training: equipping educators and students with open datasets and reproducible workflows

that allow hands-on exploration of imaging methods in undergraduate, postgraduate, and professional training contexts.

We present a summary of the initially data available in BIL in Table 1, reporting the number of scans, dataset size and

range of voxel sizes for each modality.

2 Scope and Coverage of the Library

The Battery Imaging Library covers imaging across different modalities, length scales, and chemistries, with emphasis on

commercially relevant devices and realistic experimental conditions. Its datasets are grouped into three broad scales of

observation: whole-cell imaging, electrode-level imaging, and microstructural/crystallographic imaging (see Figure 1).

Whole-cell imaging

BIL includes datasets for commercial cylindrical cells spanning the most widely used battery chemistries: lithium-ion (Li-

ion), sodium-ion (Na-ion), nickel–metal hydride (NiMH), lithium iron disulfide (Li/FeS2) and alkaline zinc–manganese

oxide (Zn–Mn) (see Figure 2). These cells are imaged using laboratory and synchrotron X-ray micro-CT, synchrotron

XRD-CT, and, in one case, neutron CT (Li-ion NMC532) [21, 22]. The inclusion of neutron-CT data is particularly
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Table 1: Summary of the current data in BIL, broken down by modality.

Number of experiments Dataset size (GB) Pixel/Voxel size range (µm)

Neutron-CT 7 29.8 29.0 - 55.0
Synchrotron X-ray micro-CT 22 1990 3.24 - 18.53
Synchrotron X-ray nano-CT 9 1010 0.55 - 1.10
Synchrotron XRD-CT 23 255 10.0 - 40.0
Synchrotron S3DXRD 1 16.2 0.125
Synchrotron 3D XANES-CT 1 126 0.046
Laboratory X-ray micro-CT 20 358 9.00 - 40.0
Laboratory X-ray nano-CT 16 11 0.064 - 0.128
SEM 11 24.5 0.00480 - 0.0843
EDS 8 3.88 0.0405 - 0.225
EBSD 6 303 0.100-0.150
TEM 3 1.7 0.0079
APT 1 0.85 N/A

Total 128 4127 0.00480 - 55.0

valuable, as it is rarely available to the battery community and provides complementary contrast to X-rays for light

components in Li-ion batteries (e.g. Li-based electrolytes and the location of the Li species in general within the cell). By

including neutron CT alongside X-ray modalities, BIL enables multimodal comparisons and supports the development

of cross-domain data fusion strategies. Furthermore, BIL includes XRD-CT scans of a battery of each chemistry in at

least two different states of charge.

Figure 2: Example laboratory cone-beam X-ray micro-CT reconstructions of commercial cylindrical cells covering a range of form
factors and chemistries (Li-ion, Na-ion, NiMH, Li/FeS2, Zn–Mn). These datasets allow comparison of structural design choices
between chemistries and are representative of the realistic, industrially relevant samples included in BIL.

Electrode and particle imaging

At the electrode and particle level, BIL focuses on the widely deployed LiNi0.8Mn0.1Co0.1O2 (NMC811) cathode material.

This system is imaged using synchrotron and laboratory X-ray nano-CT, synchrotron S3DXRD, as well as 2D and 3D

FIB-SEM/EDS/EBSD data. Nano-CT captures nanoscale porosity and particle morphology, whilst S3DXRD resolves

crystallographic heterogeneity in primary particles (grains) within a secondary particle. The FIB-SEM/EDS data offer

morphological and chemical information at sub-micron resolution in three dimensions. These correlated scans enable

method development, for example new segmentation approaches using multi-modal imaging data as input. BIL contains

several datasets of SEM and X-ray nano-CT of pristine and cycled NMC111 and NMC811 electrodes under different

conditions [23, 24]. It should be noted that BIL also contains imaging datasets from other electrode materials, such as

high resolution 2D FIB-SEM/EDS data of Si-graphite negative electrodes and a challenging to acquire synchrotron 3D

XANES-CT of a LiCoO2 electrode.

4



Docherty et al. Battery Imaging Library Preprint

Microstructural and crystallographic imaging

At the microstructural and crystallographic scale, BIL contains 2D and 3D EBSD datasets of NMC811, with both

indexed orientation maps and raw Kikuchi diffraction patterns. To our knowledge, this represents the first openly

available EBSD dataset for a battery material, and uniquely, the first to include raw Kikuchi patterns. This enables the

development and benchmarking of orientation indexing algorithms and the training of deep learning models directly on

diffraction patterns rather than pre-processed maps. Together with corresponding 2D SEM/EDS, these datasets enable

multimodal correlation between structure, chemistry, and crystallography. Furthermore, BIL includes a synchrotron

S3DXRD dataset of a single NMC811 particle which, to the best of our knowledge, is also the first application of

S3DXRD on a battery electrode material. Last but not least, BIL includes TEM images [25, 26], in one case coupled

with EDS data for a LiFePO4 electrode as well as APT data from an NMC811 material.

Raw experimental data

A defining feature of BIL is the consistent inclusion of raw data (see Figure 3). For the neutron-CT and synchrotron

X-ray micro and nano-CT datasets, this includes radiographs / sinograms alongside reconstructed volumes. For EBSD,

it includes raw Kikuchi patterns, not only indexed orientation data. BIL also includes the raw and processed data from a

3D-S3DXRD dataset of a single particle, as well as raw XRD-CT data from one cylindrical battery (i.e. the full set

of raw 2D diffraction patterns). Furthermore, BIL includes the raw data from a 3D XANES-CT of a LiCoO2 cycled

electrode as well as the raw radiograph data from two laboratory X-ray nano CT datasets (i.e. pristine uncalendered and

end-of-life after ca. 1000 cycles NMC811 electrodes). This level of completeness is rare in battery imaging and enables

fully reproducible pipelines, realistic benchmarking of reconstruction and denoising algorithms, and the application of

self-supervised learning approaches that exploit raw, unlabelled data.

Datasets from 4D and 5D experiments

BIL also includes rare operando datasets, such as synchrotron X-ray micro-CT and XRD-CT acquired during galvanos-

tatic discharge of commercial LiFeS2 and Zn–Mn cells (see Figure 4 and Figure 5). These datasets capture dynamic

degradation processes in four dimensions (3D spatial + 1D time), providing opportunities for the development of

time-resolved segmentation, tracking, and AI-based forecasting methods. Importantly, BIL includes the data from a 5D

tomographic diffraction imaging experiment (3D spatial + 1D diffraction + 1D potential) using a Panasonic CG-320A

pintype Li-ion battery (see Figure 6) [27, 28, 29]. In addition, BIL provides multi-resolution CT datasets acquired at

varying exposure times and dose levels. These support research on dose optimisation, super-resolution, and domain

adaptation, and to our knowledge represent the first openly available multi-resolution CT datasets for batteries.

Multi-modal complementary datasets

BIL offers complementary datasets, such as X-ray micro—CT with XRD-CT and / or neutron CT of the same cell, or SEM

with EDS and EBSD of the same electrode. This allows holistic analysis of morphology, chemistry and crystallography,

potentially across length-scales. These datasets also enable development and benchmarking of correlative algorithms

like registration, data fusion [30] and guided upsampling.

3 Processing Pipelines, Website Design and Data Access

The BIL website (https://www.batteryimaginglibrary.com) provides a user-friendly interface for viewing,

searching, and accessing the library’s data. Each scan has a small tile with a representative preview image and key

summary information. These tiles link to a page which includes information on scan parameters, citation details and

links to Zenodo DOIs hosting the data (raw, reconstructed, processed etc.). The website’s aim is to provide searchable,

intuitive access for non-specialists. Figure 7 shows an example screenshot of the website’s search page.

The library was designed to be easily extensible via community contributions: researchers can contribute datasets by

depositing them on Zenodo and submitting the DOI (or the DOI of a relevant paper) alongside other associated data.

Zenodo was chosen as the primary hosting for its generous upload limits and institutional backing, ensuring data will

always be accessible and archived. Furthermore, there is a dedicated Zenodo community for all uploaded BIL Zenodo

entries (https://zenodo.org/communities/batteryimaginglibrary/).
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Figure 4: Time-resolved X-ray micro-CT dataset acquired operando during the galvanostatic discharge of a commercial LiFeS2

primary cell. The experiment captures internal structural changes such as porosity formation and electrode degradation, providing a
rare 4D dataset (3D + time) for dynamic battery processes.

Figure 5: Operando X-ray micro-CT of a commercial alkaline Zn–Mn cylindrical cell under discharge conditions. The dataset reveals
dynamic changes in electrode structure and morphology, serving as a benchmark for developing time-resolved segmentation and
tracking methods.

Machine learning: BIL offers an unprecedented opportunity for the development of machine learning models in

battery imaging. Multi-resolution data can be used to train and validate super-resolution networks, bridging low-dose

and high-quality reconstructions. Multimodal datasets enable the exploration of domain adaptation strategies, for

example transferring models trained on X-ray CT to neutron CT or SEM/EDS data, AI-driven data fusion, or the

learning of structure–chemistry–property relationships across scales. Raw data are particularly suited to self-supervised

learning, where large volumes of unlabelled data can be exploited to train models for segmentation, reconstruction,

or hyperspectral image analysis. The inclusion of raw data from modalities such as EBSD Kikuchi patterns and

3D-S3DXRD also provides opportunities for applying deep learning to diffraction-based imaging techniques.
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Figure 6: Operando 5D tomographic diffraction imaging (3D spatial + diffraction + time/potential) of a Panasonic CG-320A
pintype Li-ion battery. The dataset enables simultaneous mapping of phase evolution and structural heterogeneity during cycling,
demonstrating the unique value of XRD-CT for capturing crystallographic changes in working devices.

Education and training: a key aim of BIL is to be pedagogical. The datasets and accompanying notebooks can be

embedded into undergraduate and postgraduate curricula, allowing students to interact with genuine experimental data

rather than synthetic simulations. Exercises might include reconstructing tomographic volumes from raw radiographs,

applying denoising filters to 2D diffraction patterns, or indexing EBSD patterns with both classical and machine learning

approaches. For professional training, BIL offers a resource for workshops and summer schools, equipping early-career

researchers with hands-on experience in handling multimodal imaging data. The ability to reproduce full pipelines, from

raw data through to analysis, makes BIL uniquely suited for teaching reproducible research practices.

5 Outlook and Future Directions

The Battery Imaging Library sets a new standard for openness and reproducibility in battery imaging, but its true

potential lies in growth and extension. Rather than a static dataset release, BIL is designed as an evolving platform that

can adapt to the changing needs of the community and the rapid pace of imaging innovation.

FAIR-by-design: central to BIL’s future is the website, which provides an intuitive entry point for discovering data.

Its search and browse features make it straightforward to locate datasets by modality, length scale, device format,

and chemistry, with clear signposting of raw versus processed data. By anchoring every dataset to a versioned DOI

and supplying rich metadata, BIL aligns with FAIR principles so that data are findable, accessible, interoperable, and

reusable.

Future contributions: although BIL already covers a wide range of modalities and chemistries, its structure allows

for future additions. Researchers may extend the library to new materials systems, device types, or experimental

environments, progressively broadening its scope. In this way, BIL can remain a relevant and useful reference resource

as the field of battery imaging continues to expand.

AI development and benchmarks: the breadth of raw multimodal data in BIL is well suited to self-supervised learning,

generative modelling, and the development of models that learn transferable representations across tasks and modalities

which could underpin advances in reconstruction, segmentation, and multimodal data fusion.
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