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Macromolecular crystallography provides mechanistic understanding of biolo-
gical processes and can be applied in drug design. Nowadays, the use of robotic
systems for crystal growth and diffraction analysis is widespread and high-
throughput protein-to-structure pipelines for ligand and fragment screening are
revolutionizing the field. However, the identification of crystals is still largely
carried out through manual inspection, sometimes involving tens of thousands
of images, which represents a bottleneck in an otherwise highly automated
process. Here we describe AXIS, an Al-based Crystal Identification System
combining the DINOvV2 computer vision model, state-of-the-art transfer
learning and MARCO, the largest crystallization dataset available to date, for
automated crystal detection. AXIS can operate with both visible and UV light
images and integrates a Lab-in-the-Loop approach combining ML and expert
inputs for iterative learning and specialization. AXIS enables automated
annotation of large crystallization image datasets with performance and accu-
racy comparable to that of human experts, and the Lab-in-the-Loop approach
introduced here enables efficient adaptation to local conditions, facilitating
widespread application, which has been a major limitation to date. AXIS can
help to correct human errors in image annotation and removes critical bottle-
necks, particularly in the context of extensive crystallization screens or high-
throughput applications like fragment and ligand screening, unlocking the
potential for higher levels of automation that are key in both fundamental and
translational research.

1. Introduction

Macromolecular crystallography (MX), along with other
techniques like cryo-EM, NMR or Al-based fold predictions,
can be applied to the study of protein structure and function,
providing mechanistic understanding of biological processes.
This contributes fundamental knowledge that underpins our
understanding of health and disease states and can inform the
development of novel therapies and applications in biotech-
nology (Helliwell, 2017; Whittle & Blundell, 1994). Automa-
tion has been introduced at nearly all steps of the MX
experimental workflow, from crystallization to diffraction data
collection and processing, and highly automated protein-to-
structure pipelines are currently available (Rupp et al., 2002;
Cipriani et al., 2006; Cusack et al., 1998; McCarthy et al., 2018;
Bowler et al., 2015; Zander et al., 2016; Cornaciu et al., 2021;
Schwalbe et al., 2024; Lynch et al., 2023; Mikolajek et al., 2023;
Healey et al., 2021). Recently, new technology developments
have enabled high-throughput X-ray-based ligand and frag-
ment screening, democratizing access to structure-based drug
design approaches (Cox et al, 2016; Thomas et al, 2019;
Cornaciu et al., 2021; Miinzker et al., 2020; Barthel et al., 2024;
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Douangamath et al., 2021; Guenther & Meents, 2025), as well
as the study of dynamic and time-resolved systems
(Schlichting, 2015; Stauch & Cherezov, 2018; Mehrabi et al.,
2019).

In any of its applications, MX requires generation of crystals
with high diffracting power. This is typically a complex process
that involves performing and evaluating large numbers of
crystallization experiments. The most commonly used crys-
tallization technique involves the so-called vapour diffusion
method, in which a supersaturated solution of the biological
molecule is achieved by adding mild precipitant agents under
different chemical and physical conditions, eventually leading
to the formation of crystals (McPherson, 2017; Bergfors, 2021).
However, a variety of alternative crystallization methods can
be applied, including batch, microbatch under oil or the use of
microfluidic devices, for example (de Wijn et al., 2019; Lynch et
al., 2023; Pachl et al., 2025; Budziszewski et al., 2025; Bergfors,
2021). It is difficult to predict crystallization conditions for
molecules that have never been crystallized before, therefore
screening of different types of precipitants, like salts and
polymers, against different experimental parameters like pH,
ionic strengths, temperatures efc. is necessary. This leads to a
large number of crystallization experiments that need to be
evaluated individually (McPherson, 2017; Newman et al., 2005;
Bergfors, 2021). Moreover, crystals may take from hours to
days or even weeks to develop. During this period, each
experiment has to be visually inspected multiple times for the
appearance of crystalline material. The initial screening
experiments often help to identify starting crystallization
conditions that need to be optimized through an iterative
process involving new crystallization experiments and visual
inspections. On the other hand, applications like ligand and
fragment screening require the identification of hundreds of
crystals. Therefore, crystallography projects require regular
inspection of hundreds to thousands of crystallization
experiments.

Nowadays, crystallization is often carried out with the use of
specialized robots and in 96-well microplate format (Newman
et al., 2005). Automated crystal farms that hold from dozens
to a thousand 96-well crystallization plates at controlled
temperatures take images of each crystallization drop at
regular intervals (Chayen & Saridakis, 2008; Stock et al., 2005;
Dimasi et al., 2007; Cornaciu et al., 2021). As an example, at
the High Throughput Crystallization (HTX) Facility at EMBL
Grenoble, a typical crystallization screening experiment
involves six 96-well plates in which 576 different crystallization
conditions are tested for a sample at three different concen-
trations. This results in 1728 individual experiments that are
automatically imaged in our crystal farms nine times during a
period of several weeks (Dimasi et al., 2007; Cornaciu et al.,
2021). Images along with crystallization parameters are
harvested by the Crystallographic Information Management
System (CRIMS) (Cornaciu et al., 2021; Healey et al., 2021)
and presented to the user through a web-based interface for
evaluation of results. Therefore, a typical experiment will
result in 15 552 images that have to be individually evaluated.
Owing to the iterative nature of this approach, the scientist

will carry out multiple such experiments in the course of a
project, varying parameters like temperature, construct design
etc. either successively or in parallel, which may result in
hundreds of thousands of images. Other crystallization facil-
ities use different approaches, for example the National
Crystallization Center at the Hauptman—-Woodward Research
Institute (Buffalo, USA) carries out high-throughput crystal-
lization screening with the microbatch-under-oil method in
1536-well plates (Budziszewski et al., 2025), the Collaborative
Crystallization Centre (C3) at CSIRO (Parkville, Australia)
applies vapour diffusion, and the VMXI beamline at Diamond
Light Source (Harwell, UK) uses vapour diffusion with direct
diffraction data collection from crystals in situ (Sanchez-
Weatherby et al., 2019). Specialized pipelines for the analysis
of membrane proteins using the lipidic cubic phase method or
based on microfluidic chips have also become available
(Cherezov et al., 2004; Healey et al., 2021; Giinther et al., 2025;
Saha et al., 2025). A list of European crystallization facilities
using different combinations of the methods described
above is available at https:/instruct-eric.org/platform-type/
crystallisation). Despite methodological variations, these
facilities generate large numbers of crystallization experi-
ments and generally use automated imaging equipment for the
inspection and evaluation of the results. Therefore, automated
crystal identification from crystallization images can be of
great value, particularly during the initial crystallization
screening phase. On the other hand, fragment-screening
projects involve generation of hundreds to thousands of
crystallization experiments using already optimized crystal-
lization conditions (Miinzker et al., 2020; Cornaciu et al., 2021).
Automated crystal harvesting systems have been developed
(Deller & Rupp, 2014; Zander et al., 2016; Cornaciu et al.,
2021), which in combination with automated crystal detection
could potentially enable fully autonomous crystal detection
and mounting, contributing increased efficiency in high-
throughput crystallography applications.

Currently, identifying crystals in crystallization images relies
largely on visual inspection and can be a difficult task. Crystals
can show very different morphologies and may appear along
with amorphous precipitate, phase separation, or with other
types of objects partially masking them. On the other hand,
very small crystals or microcrystalline material may be difficult
to detect with images taken from automated systems. There-
fore, even well trained scientists may fail to recognize crystals
either through inherent difficulties or through a decrease in
attention over extended evaluation periods (Bruno et al.,
2018). Indeed, it has been shown that when presented with the
same set of crystallization images, multiple crystallographers
may disagree in their scores for as many as 30% of the images
(Bruno et al., 2018; Wilson, 2002).

A number of computational tools for automated scoring of
crystallization micrographs have been proposed using various
approaches and with different levels of performance (Wilson,
2002; Cumbaa & Jurisica, 2010; Cumbaa et al., 2003; Bern et al.,
2004; Saitoh et al., 2005; Liu et al., 2008; Pan et al., 2006). In a
landmark collaborative study, the Machine Recognition of
Crystallization Outcomes (MARCO) initiative, a large dataset
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Table 1

Training and test datasets used and generated in this work.

No. of images
(visible light)
‘crystal’/‘other’

No. of images
(UV light)
‘crystal’/‘other’

Dataset name Training/test

Reference doi

MARCO-C3 training 76 836/369 708

C3 test test 2509/6359 2509/6359
CRIMS test test 225/3111 225/3111
CRIMS-v1 training 4707/3171 4707/3171
CRIMS-v2 training 5934/19 634 5293/11 365
CRIMS-v3 training 13 244/105 094 6153/43 499
VMXi training training 6752/4409

VMXi test test 145/487

Bruno et al., 2018 https://ubir.buffalo.edu/xmlui/handle/10477/77793
Rosa et al., 2023 https://doi.org/10.5281/zenod0.4635300

this work https://doi.org/10.5281/zenodo.17279081
this work https://doi.org/10.5281/zenodo.17279591
this work https://doi.org/10.5281/zenodo.17279968
this work https://doi.org/10.5281/zenodo.17426047

King et al., 2024
King et al., 2024

https://doi.org/10.5281/zenodo.11097395
https://doi.org/10.5281/zenodo.11097395

containing 493 214 crystallization images from five different
laboratories was assembled (Bruno et al., 2018; Rosa et al.,
2023). These images were scored in four classes (‘crystal’,
‘precipitate’, ‘clear’ and ‘other’) and a deep convolutional
neural network (CNN) using the Inception-v3 architecture
was trained for automated classification, achieving 91 % crystal
recall and 94% accuracy over all the classes (Bruno et al.,
2018). More recently, a new crystal image classifier, CHiMP-
v2, has been developed (King et al., 2024). In this work, the
ConvNeXt-Tiny image vision model (Liu e al., 2022) was
trained first on the MARCO dataset and then on a smaller set
of 11 167 local images from the Diamond Light Source VMXi
beamline (Sanchez-Weatherby e al., 2019). This classifier used
the same categories as the MARCO model and achieved
crystal recall of 82% to 90% with precision of 65% to 70%
(King et al., 2024). In a modified version of this system, the
CHiMP detector, the four categories were collapsed into two,
‘crystals’ and ‘no-crystals’, achieving between 92% and 95%
crystal detection rates but with lower precision, 33% to 44%
(King et al., 2024). However, it has been found that perfor-
mance of these models decreases when applied to local
datasets. At the same time, performance can improve by re-
training the model with a limited number of images generated
locally (Rosa et al., 2023). However, many facilities lack the
resources and expertise to collect, annotate and train ML
models to adapt to local conditions. Interestingly, none of
these systems explored the use of UV imaging for machine
learning (ML)-based crystal detection, although UV-capable
imaging systems have become common in many crystallization
facilities.

In ML classification, recall and precision (see Section 3 for
definitions) are correlated and require balancing for optimal
performance. Crystal identification requires very high recall (a
low number of false negatives). Recall can typically be
increased at the expense of precision, but the lower the
precision, the larger the number of false positives introduced,
decreasing the value of the classifier. This is particularly
important as crystallization experiments are highly imbal-
anced, with a very high proportion of images containing no
crystals (95% or more), potentially leading to a high number
of false positives when precision is moderate. Two additional
problems of crystallization image classification tools have
been the requirement for large training datasets and the loss
of performance when applied to images originating from local

infrastructures. Crystallography facilities use different types of
crystallization plates and imaging equipment, and apply
different illumination and imaging settings for example, all of
which can affect performance in ML classification (Rosa et al.,
2023).

Recent developments in Al have revolutionized the field of
computer vision, including the development of vision trans-
formers (Dosovitskiy et al, 2021), large computer vision
models (Oquab ef al., 2024) and advanced transfer learning
techniques (Hu et al., 2022; Zhuang et al., 2019), opening new
opportunities for crystallization image classification. In this
work we present AXIS, Al-based Crystal Identification
System, integrating modern computer vision models, state-of-
the-art transfer learning techniques and a Lab-in-the-Loop
approach for iterative learning. This system can evaluate both
visible and UV crystallization images and achieves very high
performance across datasets from different origins. The
CRIMS web-based Lab-in-the-Loop module makes it possible
to integrate federated input from expert crystallographers for
continuous fine tuning based on new experimental data. This
approach provides a foundational model for crystal identifi-
cation and enables rapid adaptation to local conditions with
minimal effort, helping facilities obtain the best performance
under their specific conditions.

2. Materials and methods
2.1. Training and test datasets

Different training and test datasets were either used or
generated in this work and are presented in Table 1. Images
from the training and test sets were always kept separated and
those from the test sets were never use for training. For our
first step in the transfer learning process (see below) we used a
training set combining the MARCO and C3-Supplementary
training datasets. The MARCO dataset was generated and
published by the Machine Recognition of Crystallization
Outcomes (MARCO) initiative (Bruno et al., 2018). Five
crystallography facilities (Collaborative  Crystallization
Centre, GlaxoSmithKline, Hauptman-Woodward Medical
Research Institute, Merck & Co., Bristol Myers Squibb)
collaborated to gather 462 804 crystallography outcome
micrographs in the visible spectrum with labels from four
different classes (‘crystal’, ‘clear’, ‘precipitate’, ‘other’). Here
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we only used the images from the MARCO training set
(415777 visible images). The Collaborative Crystallization
Centre (C3) at CSIRO (Parkville, Australia) extended this
dataset with an additional training set of 30 767 images (Rosa
et al., 2023; Rosa & Newman, 2021) distributed in the same
classes. Here we combined these two datasets into a single
training set and consolidated it into two classes: ‘crystals’,
containing the images labelled as crystals and ‘other’,
containing images labelled as clear, precipitate or other in the
MARCO and C3-Supplementary datasets. For simplicity we
will call this new extended dataset the MARCO-C3 dataset
and it is composed of 76 836 and 369 708 images in the ‘crystal’
and ‘other’ classes, respectively (see Table 1).

Along with the C3-Supplementary training set, the Colla-
borative Crystallization Centre published the C3 test set
(Rosa et al., 2023; Rosa & Newman, 2021) that we also used
here for performance evaluation. This set is composed of both
visible and UV light micrographs, although UV images were
not exploited for automated classification in the original work.
The C3 test set was also consolidated into two classes as
described above with 2509 images in the ‘crystals’ and 6359 in
the ‘other’ classes, respectively. We kept the original name for
this set, C3 test (Table 1).

Datasets with local images extracted from the CRIMS
database were generated to support this work. CRIMS is a
web-based software suite that provides interfaces for experi-
mental design as well as automated data and metadata
tracking over the entire protein-to-structure workflow
(Cornaciu et al., 2021). CRIMS is built as an interactive tool
that provides access to experimental results in real time and
can collect input from hundreds of expert users (Cornaciu et
al.,2021; Healey et al., 2021). It provides web-based interfaces
for the screening and optimization of crystallization experi-
ments, communicates with crystallization and crystal imaging
robots, and automatically presents crystallization images to
users for evaluation. Additional CRIMS modules enable
automated crystal harvesting and communication with
instruments at synchrotrons for automated diffraction data
collection, enabling seamless data and metadata exchange as
well as recovery of diffraction data for downstream data
processing (Cornaciu et al., 2021; Miinzker et al., 2020; Healey
et al.,2021; Zander et al., 2016). A dedicated CRIMS interface
connects to the output of the automated crystal farms,
presents crystallization images to users and enables them to
record their own scores over a whole crystallization plate and
over multiple plates (Cornaciu et al., 2021). Users can manu-
ally choose from seven different scores to which different
colours are assigned for easy identification through the web
interface. These include ‘clear’ (cyan), ‘denatured’ (blue),
‘precipitate’ (light blue), ‘phase separation’ (yellow) and two
classes for crystalline material including ‘microcrystals and
crystal clusters’ (comprising crystalline material like micro-
crystals, sea-urchin-like crystals, multi-crystals or needle
clusters) and ‘single crystals’. These two classes are presented
in red and dark red, respectively. A last class, in pink, is
designated as ‘interesting’ and corresponds to experiments
that do not contain crystalline material but that the user wants

to mark for any reason. This scoring scheme is provided by
CRIMS as a suggestion, but user scores are not validated or
supervised, therefore they are not always consistent and could
not be directly used for the purpose of this work. However,
CRIMS databases provide access to experimental conditions,
parameters and original images for all experiments carried out
at the facility from which validated datasets could be gener-
ated.

We generated a test set, CRIMS test, with local images from
the HTX facility in EMBL Grenoble (Cornaciu et al., 2021) to
evaluate performance of the different classifier models with
local images (Table 1). These images were generated with two
Rock Imager 1000 imaging robots (Formulatrix, Bedford, MA,
USA) equipped with visible and UV imaging systems. Crys-
tallization experiments were set up in 96-well format using
CrystalDirect plates (SKU: M-XDIR-96-3-40, MiTeGen,
Ithaca, NY, USA) as described previously (Dimasi et al., 2007;
Cornaciu et al., 2021; Healey et al., 2021; Zander et al., 2016).
Particular care was taken to ensure maximal diversity and
avoid potential redundancy in this set. For this, random
sampling of images from crystallization plates in the historical
CRIMS experimental database was carried out. Only crystal-
lization plates corresponding to initial crystallization
screening experiments were considered. Crystal optimization
plates were excluded from this selection to prevent over-
representation of certain crystal types. Only one imaging
session was selected from each of the plates to eliminate the
possibility of including images from the same experiment
taken at different time points, which might be redundant
otherwise. The imaging session used was chosen to correspond
to a dual visible/UV imaging to facilitate evaluation of both
visible and UV based classifiers with the same test set. The
selected plates represent a random sampling from different
projects brought by our users and processed at the facility over
a period of three years. User scores were ignored, and images
were manually annotated by a group of six expert curators.
Every image was evaluated by at least two experts using the
same binary classification system described above (‘crystal’
and ‘other’). When agreement between curators could not be
reached, the images were stored but not included in the
training dataset. This resulted in the CRIMS test set with 3336
pairs of visible and UV images including 225 and 3111 images
in the ‘crystal’ and ‘other’ classes, respectively (Table 1).

Three additional training datasets, CRIMS-v1, CRIMS-v2
and CRIMS-v3, were generated with images extracted from
the CRIMS experimental database to support fine tuning of
the AXIS-CRIMS classifiers and the Lab-in-the-Loop training
process. The CRIMS-v1 training dataset consists of 7878 pairs
of visible and UV light micrographs, composed of 4707
‘crystals’ and 3171 ‘others’. In order to increase the repre-
sentation of crystals in the initial local training set, the CRIMS
database was queried for images with user annotations
corresponding to the ‘crystal’ class and these annotations were
then validated by the expert curators.

The CRIMS-v2 training dataset was generated as part of the
Lab-in-the-Loop process (see below). The AXIS-CRIMS-vl
classifier (Table 2) was applied to automatically annotate

238

Aurelien Personnaz et al.

+ AXIS — automated detection of macromolecular crystals

IUCr) (2026). 13, 235-248



research papers

Table 2
Performance of AXIS crystal identification models.

CRIMS test set C3 test set

Balanced Balanced
Model accuracy (%) Recall (%) accuracy (%) Recall (%)
MARCO 83.00 67.41 90.70 88.40
AXIS-foundation  89.37 81.25 90.86 98.80
AXIS-CRIMS-vl  91.87 95.54 90.20 98.68
AXIS-CRIMS-v2  95.34 95.98 91.16 98.53
AXIS-CRIMS-v3  96.27 96.43 93.11 97.69

crystallization experiments generated at the EMBL HTX lab
in Grenoble. A series of crystallization plates were randomly
selected from the CRIMS experimental database as described
for the CRIMS test set above. In this case and to maximize the
number of images in the training dataset we did not require
that all inspections had both visible and UV images. This was
also the case for the CRIMS-v3 training set (see below).
Results of ML (AXIS) and manual scoring were compared for
those plates. Experiments showing discrepancies between the
human and AXIS-CRIMS-vl scoring were subjected to a
curation process in which experts individually evaluated the
images and decided on the correct annotation for the
experiments that were then included in the CRIMS-v2 dataset.
Images that could not be unambiguously assigned by the
experts to one or other class were stored but not included in
the training dataset. Experiments showing agreement between
the human and AXIS scoring were also included in the
dataset. In total the CRIMS-v2 training dataset contains
42 226 images including 11 227 images in the ‘crystal’ and
30999 in the ‘other’ classes, respectively. The CRIMS-v3
training dataset was generated through a new iteration of the
Lab-in-the-Loop process, but in this case using the AXIS-
CRIMS-v2 model for automated annotation (Table 1).

Finally, to assess the reproducibility of our system with
images from other sources, we used training and test datasets
published by the Diamond Light Source (King et al., 2024),
including the VMXi beamline classification training dataset
composed of 6752 ‘crystal’ and 4409 ‘other’ images, and the
VMXi unambiguous test set, composed of 145 ‘crystal’ and 487
‘other’ images. For both of these datasets, the images were
taken with visible light imaging.

2.2. Machine learning

Previous works on AT applied to crystallization micrograph
classification employed the convolutional neural network
(CNN) architecture (Bruno et al., 2018; King et al., 2024),
which was the foundation of computer vision for many years.
In the late 2010s, a major breakthrough happened in AI with
the development of transformer networks (Vaswani et al.,
2017). At first designed for natural language processing, they
leveraged the ‘attention’ concept to understand and learn the
underlying logic of languages, allowing the emergence of
modern large language models (LLMs) (Devlin et al., 2019).
These concepts were also rapidly adapted to the field of
computer vision with the appearance of vision transformers

(Dosovitskiy et al., 2021). While more demanding computa-
tionally, those large models proved more efficient than CNNs
when trained on sufficiently large datasets (Dosovitskiy et al.,
2021). They were also shown to generalize better than CNNs
to downstream tasks with fine tuning (Zhou et al., 2021). After
initial evaluation of several of the computer vision models
recently published, we selected the DINOv2-base model that
we obtained from the Hugging Face repository (https:/
huggingface.co/facebook/dinov2-base). The DINOvV2 (Oquab
et al., 2024) model was developed by Meta Al as a multi-
purpose foundation model for vision tasks. Applying similar
self-supervision techniques to those used to train LLMs on
vast amounts of non-labelled data (Devlin et al., 2019),
DINOV2 was trained in a self-supervised way on 142 million
non-labelled images, allowing it to obtain a task-agnostic
understanding of visual features and image analysis (Oquab et
al., 2024).

The idea behind transfer learning or fine tuning (Zhuang et
al., 2019) is to benefit from the projection capabilities a model
has learned while solving an initial problem, generally with
large amounts of data available, and adapt it to a comparable
or more specific task for which limited data are available. Fine
tuning the entirety of a very large network like DINOvV2, with
86 million parameters, would require very high volumes of
data and computational power to be efficient. The traditional
way to fine tune such models involves re-training only the
classification head (the upper levels of the neural network).
This way the mathematical projection part of the model is not
modified and only the classification of the projections is
trained. This method greatly simplifies the training, but limits
the level of adaptation to the new data. A recently proposed
alternative is low-rank adaptation (LoRA) (Hu et al, 2022).
With LoRA, low-rank weight matrices are injected into
certain parts of the model (typically attention and feed-
forward layers), while the larger part of the original model
remains untouched. During training, only these low-rank
matrices are updated. This technique limits the number of
parameters to be trained, while at the same time allows the
fine-tuning process to be applied across all layers of the model.
After the training, the low-rank matrices can either be merged
into their target layers to make their changes permanent, or
they can be kept as LoORA adapters to be further trained. For
this work we used the LoRA implementation from Hugging
Face Parameter Efficient Fine Tuning (https:/github.com/
huggingface/peft). We injected matrices into all dense layers
from the model, with an alpha parameter value of 20 and a
rank of 25 (respectively the scaling factor of the matrices on
the original weights, and the rank of the low-rank decom-
position), resulting in the training of four million parameters
instead of the original 86.6 million. We kept the matrices in
separated adapters, allowing us to run two successive fine
tunings on them.

The first fine tuning was from the original DINOv2-base on
the MARCO-C3 dataset of 446 544 images. It was applied
using a single Nvidia A100 GPU on the EMBL HPC cluster in
Heidelberg. We used Hugging Face trainer API (a Python
framework based on Torch). We ran two epochs with a linearly
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decreasing learning rate starting at 0.0005 and batches of 32
images. To handle the systematic imbalance of crystallography
datasets, weighted cross entropy loss was used with inverse
frequency weighting to define the classes weights. The images
were normalized and resized to 518 x 518 pixels as in the
original DINOV2 training set. They were then turned to
grayscale and minimal augmentations were applied (vertical
and horizontal flipping), as crops could possibly cut crystals
from the images and shape transformations could alter their
characteristic geometric features. This first training took 12 h,
and resulted in the AXIS-foundation model. Additional fine-
tuning steps were carried out to increase performance with
images from our local infrastructure as described in the Results
section. These were executed in the same way as indicated
above, although a lower-end Nvidia RTX 2080 TI was used
with a batch size lowered to 16 to fit into the smaller memory,
and the trainings were done with only one epoch. These fine
tunings were independently run on visible light and UV light
images, resulting in separate models. Each of those fine
tunings took 45 minutes to one hour of computing time. AXIS
training scripts are available from GitHub (https:/github.com/
marquez-group-embl/AXIS) and can be applied for fine
tuning with data from other facilities. For comparison
purposes, the previously established MARCO (Bruno et
al., 2018) and CHiMP-v2 (King et al., 2024) models were
obtained from https:/github.com/tensorflow/models/tree/
master/research/marco and https://doi.org/10.5281/zenodo.
11190973, respectively.

3. Metrics

The evaluation of performance of automated scoring models
for crystallization outcomes requires metrics that are appro-
priate for highly imbalanced datasets. The main metrics used
in this work were crystal recall, called here simply ‘recall’,
defined as the proportion of crystal events correctly labelled,
and balanced accuracy. Both are critical as high crystal recall
with low accuracy would be detrimental due to the over-
abundance of images in the ‘other’ class. The most commonly
reported metric in classification tasks is accuracy, defined as
the proportion of correctly classified instances. Accuracy is
straightforward to calculate and widely used (Bruno et al.,
2018; Rosa & Newman, 2021). However, it can be misleading
in highly imbalanced datasets — such as those in crystal-
lography, where actual crystals are rare. For example, a model
that predicts ‘no crystal’ for every drop would achieve high
accuracy simply because the majority class, ‘no crystals’, is
much larger, yet it would fail to detect the very events of
interest. The F1 score, which combines precision (the fraction
of predicted positives that are truly positive) and recall (the
fraction of true positives that are detected) into a single
harmonic mean, has also been used (King et al., 2024). While
the F1 score is more sensitive to minority classes than accu-
racy, it still depends heavily on the underlying distribution of
classes in the test dataset. If the proportion of crystal images
varies across datasets, direct comparison of F1 scores can
become problematic.

In this context, balanced accuracy provides a more stable
measure. Balanced accuracy averages the recall scores across
classes, giving equal weight to the minority and majority
classes. This ensures that even if crystals represent only a small
fraction of all drops, their detection is as influential to the
metric as the much larger class of non-crystal outcomes.
Balanced accuracy is therefore better suited than both raw
accuracy and the F1 score when the goal is to identify rare but
meaningful events.

4. Results

4.1. Applying the DINOv2 computer vision model and
transfer learning for automated classification of crystal-
lization images

The field of Al is evolving very rapidly and revolutionizing
research in biology (Abramson et al., 2024; Jumper et al., 2021;
Yu et al., 2023; Krishna et al., 2024; Baek et al., 2021). Large
language models have transformed text analysis and a similar
revolution has taken place in computer vision. Just as language
models learn grammatical rules and vocabulary from massive
text (Vaswani et al., 2017; Devlin et al., 2019), modern ‘foun-
dation models’ in computer vision are trained on millions of
generic images, learning to recognize shapes, textures and
structures to provide an accurate numerical description of the
content of the image (Dosovitskiy et al., 2021; Oquab et al.,
2024). Once trained on large numbers of generic images, these
models can be re-trained, or fine tuned, to perform a more
specific task with relatively little additional data through a
process known as transfer learning (Zhuang et al., 2019;
Devlin et al., 2019). We wanted to investigate whether the
DINOvV2 computer vision model, trained on 142 million
curated natural images and recently released (Oquab et al.,
2024), could be applied to automatically identify crystals
within micrographs in the context of high-throughput macro-
molecular crystallization experiments. At the same time, we
wanted to test whether UV imaging could contribute to crystal
identification. UV imaging has become common in high-
throughput crystallization laboratories, but has not yet been
systematically applied in the context of ML-based crystal
identification.

To make the best use of modern foundation models and
publicly available data while minimizing the costs and
complexity, we designed a multi-step training process based on
successive transfer learning steps to obtain our classification
models (Fig. 1). The process starts with the DINOv2 founda-
tion model pre-trained on generic and diverse images to
identify and understand visual features (Oquab et al., 2024).
We then combined the previously published MARCO and C3
image datasets (Bruno et al., 2018; Rosa et al., 2023) to re-train
this model for the identification of crystals within crystal-
lization images obtained with visible light (see the Materials
and methods section). The MARCO-C3 training dataset
contains 446 544 images distributed across four classes (‘clear’,
‘crystal’, ‘precipitate’ and ‘other’). We consolidated this
dataset into two classes, ‘crystals’ containing 76 836 images
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and ‘other’ with 369 708 images, and then re-trained the
DINOV2 model for two-class image classification. Similarly,
the C3 test dataset (Rosa et al., 2023) was consolidated into
two classes (2509 ‘crystals’, 6359 ‘other’) and was used to
evaluate the performance of the trained models (see the
Materials and methods section and Table 1).

Transfer learning with very large Al models can be chal-
lenging and may require significant computational resources.
For example, the DINOvV2 model is a large transformer
network composed of 86.6 million parameters distributed in a
repetition of encoder blocks with multi-head self-attention
and feed-forward fully connected sub-networks. The tradi-
tional transfer learning method involved replacing the classi-
fication head while blocking the training of every other layer
of the foundation model (Yosinski et al., 2014). This allowed
the projection capability of the foundation model to be
preserved (i.e. to obtain the most meaningful mathematical
representation from any input), while quickly re-training the
classification part — ie. the model task. However, while
allowing re-training in an acceptable time frame with limited
amounts of data, this technique prevented any adaptation of
the projection part — or encoding — of the original model,
limiting the scale of the re-training. An alternative was
therefore introduced with LoRA: low-rank adaptation of large
language models (Hu et al., 2022). The idea behind LoRA is
also to freeze the foundational model weights, but to inject
low-rank weight matrices into certain layers of the model
(typically attention or feed-forward layers). During training,
only these low-rank matrices are updated, allowing the
training of only a limited number of parameters with improved
efficiency, while extending the adaptation to the whole model
to efficiently specialize large models on a given task.

By re-training the DINOv2 model with the MARCO-C3
image dataset (see the Materials and methods section), we
obtained the first AXIS crystal identification model, AXIS-
foundation. To evaluate the performance of the training

Process step Training datasets

process we used two different test image datasets: the C3 test
dataset (Rosa et al., 2023) (with 2509 and 6359 images in the
‘crystal’ and ‘other’ class, respectively) and the CRIMS test
set, with 3336 pairs of visible and UV images (225 ‘crystals’,
3111 ‘other’) produced at the EMBL High Throughput
Crystallization facility in Grenoble (Dimasi et al., 2007,
Cornaciu et al., 2021) (Table 1). For the latter, images were
randomly selected from the CRIMS database corresponding
to different types of proteins and complexes and representa-
tive of a wide variety of structural biology projects. Care was
taken to eliminate redundancy, for example excluding multiple
imaging sessions from the same experiment (see the Materials
and methods section) and only primary screening experiments
were included. The distribution of images among the two
classes in the CRIMS test dataset also reflects that of typical
crystallization screening projects. We evaluated the perfor-
mance of both AXIS-foundation and the previously published
MARCO model against these two test datasets. As can be
observed in Table 2, AXIS-foundation produced better results
as compared with MARCO for both the C3 and CRIMS test
sets. For the C3 test dataset, the AXIS-foundation model
showed a higher level of crystal recall, 98.8% versus 88.4% for
the original MARCO model, with similar levels of accuracy
(Table 2). However, when applied to the CRIMS test dataset
both MARCO and AXIS-foundation showed decreased
performance. This confirmed the previous observation that the
performance in crystal image classification tends to decrease
when applied to local images (Rosa et al., 2023). This might be
due to a number of factors, like differences in plate types,
imaging equipment, or imaging and illumination settings for
example, leading to differences in global visual features. We
decided to test whether re-training the AXIS-foundation
model with local images (obtained at our facility) would
improve performance, but at the same time we wanted to
explore whether the introduction of UV images could help in
improving crystal identification.

Resulting models

Foundation s

model training

Generic images dataset
e TR

Vision foundation model
Meta DINOv2
86M parameters trained on 142M images

Specialization
on
crystallography
outcomes

Adaptation to
local
infrastructure
images

Local crystallography dataset

U

Figure 1

Schematic representation of the AXIS multi-step transfer learning process. The DINOv2 model trained on 142 000 000 images was used as a starting
point (top). LoRA transfer learning on this model was applied using visible light images from the MARCO training dataset to generate the AXIS-
foundation model (middle). This model was then independently re-trained with visible and UV images to generate two independent classifiers that

operate in visible and UV images, respectively (bottom panel).
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4.2. Combining visible and UV imaging for crystal detection

In recent years, commercial systems for automated crystal
imaging with both visible and UV light have been introduced
and are currently in use in many laboratories. Usually, these
systems exploit the intrinsic fluorescence of proteins. We set
out to confirm whether the addition of locally generated
images in the training process would improve the performance
of the AXIS system, and also whether the use of UV imaging
could help in improving automated crystal detection. For this
purpose, we generated an in-house training dataset with
experiments extracted from the CRIMS database, the
CRIMS-v1l training set (Table 1). This training dataset
contains 7878 pairs of visible and UV light images (4707
‘crystals’, 3171 ‘other’) selected from a diversity of historic
user projects supported at the HTX facility in Grenoble. We
selected this dataset so that for every visible image there
would also be an equivalent image taken with UV light during
the same imaging session (taken only a few minutes later). The
LoRA approach was applied again to re-train the AXIS-
foundation model with the CRIMS-vl training dataset. To
facilitate general applicability, we decided to generate two
completely independent classification models, one for visible
light images and one for UV light images, as some facilities
might not be equipped with UV light imaging systems. As a
result, two independent classification models were generated,
AXIS-Vis-vl and AXIS-UV-vl. The CRIMS test set (see
Section 2.1) was used to evaluate the performance of the new
visible and UV light classifier models independently and in
combination. As can be observed in Table 3, the AXIS-Vis-vl
classifier showed improved performance as compared with
the AXIS-foundation model, achieving crystal recall of 90.0%
and balanced accuracy of 93.1% on the CRIMS test set.
This confirms that addition of a limited number of local images

200pm

"200pm

Figure 2

Table 3
Performance of visual and UV-based image classifiers and several output
aggregation methods on the CRIMS test dataset.

Balanced Crystal
Model accuracy (%) recall (%)
AXIS-Vis-vl 93.1 90.0
AXIS-UV-vl 82.6 72.7
Arithmetic mean 91.2 84.8
Multiplication 82.6 65.8
Argmax 92.1 94.8

in the training set improves performance in crystal classifica-
tion.

The AXIS-UV-vl model, on the other hand, achieved
moderate performance, with a crystal recall of 72.7% and a
balanced accuracy of 82.6%. This is not unexpected, as the
MARCO dataset used here did not contain UV data and
hence this model has been trained with a considerably lower
number of images. Notably, the AXIS-UV-vl model produced
a relatively high number of false positives in the ‘crystal’ class.
This might be in part due to the fact that amorphous protein
precipitates often show strong fluorescence signals that could
be misidentified as crystals. Interestingly, despite its moderate
performance, the AXIS-UV-vl classifier was able to identify
crystals that were not recalled by the visible light image
classifier. This is exemplified in Fig. 2. Fig. 2(a) shows a visible
image with crystals that are obscured by a layer of protein
precipitate and that were not identified by the visible image
classifier. However, the corresponding UV image [Fig. 2(b)]
shows clear UV signals for these crystals and the UV-based
classifier correctly assigned this image to the ‘crystal’ class.
Similarly, panels (e)—(f) in Fig. 2 show very small microcrystals
with poor contrast under visible light that were not detected
by the AXIS-Vis-vl model but were correctly identified by the

200pm

Comparison of the outcomes of visible and UV light classifiers. Examples of crystals leading to different outcomes when evaluated by the visible and UV
model classifiers are shown. The panels (a)—(b), (¢)—(d), (e)-(f) and (g)—(h) show the same crystallization experiments images under visible [(a), (¢), (e),
(g)] and UV light [(b), (d), (f), (h)]. Crystals in the (a)—(b), (¢)—(f) image pairs were only identified by the UV classifier. Crystals in the (¢)—(d) and (g)—(h)

image pairs were identified only by the visible light classifier.
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UV model. Conversely, panels (¢)-(d) and (g)-(h) of Fig. 2
show crystalline material identified using visible light but that
was missed by the AXIS-UV model.

These results suggested that the AXIS-UV-vl model shows
lower overall performance, but can identify crystals under
conditions where the visible model would fail. Therefore, we
set out to explore whether the AXIS-Vis-vl and AXIS-UV-vl
models could be combined to provide optimal crystal detec-
tion. We studied different ways of combining the numerical
output of the two models to produce a single, consolidated
score that would represent the likelihood of the experiment to
contain crystals. This included using the arithmetic mean of
the visible and UV light scores, the product and the arguments
of the maxima (Argmax). The Argmax transformation uses as
final score the score from the classification model that
provides the highest crystal probability. As can be appreciated
in Table 3, the approach that performed better was Argmax.
We applied this transformation to generate the AXIS-CRIMS-
vl classifier. In this model, both visible and UV light images
from the same crystallization experiment are independently
evaluated by the AXIS-Vis-vl and AXIS-UV-vl models and
the Argmax was retained as the final score. If no UV images
are available, as is the case for the C3 test dataset, the outcome
of the visible light classifier is directly used. Table 2 shows that
the AXIS-CRIMS-v1l classifier improved performance as
compared to the classifier based on either visible or UV
images only (Table 3) with a notable increase in crystal recall,
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95.54%, and a balanced accuracy of 91.87% on the CRIMS
test set. This demonstrates that the inclusion of UV images can
significantly improve the performance of crystal image clas-
sification, helping recall crystals that are difficult to identify
with visible light images only.

4.3. Iterative learning through a Lab-in-the-Loop approach

As shown above and previously reported (Rosa et al., 2023),
inclusion of local images can have a strong impact on the
accuracy of ML models for the classification of crystallization
images. We reasoned that regular addition of local images to
the training process, particularly those where the classifier
models have failed, could help improve performance.
However, many laboratories do not have the capacity or
resources to prepare and annotate the extensive datasets from
local image collections needed to re-train the models, which
has limited the general use of crystal classification tools.
We took advantage of the expert-driven CRIMS software
(Cornaciu ef al, 2021) to implement a Lab-in-the-Loop
approach into AXIS, enabling interaction between human and
Al annotations for iterative ML training.

Automated image scoring with the AXIS-CRIMS-v1 model
was integrated into the CRIMS workflow for all new images
produced by our crystal farms. The system takes about 150 ms
to infer the presence of crystals on a pair of visible and UV
light images, making it possible to annotate 500 000 experi-
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Comparison of ML and user annotations. A dedicated CRIMS interfaces provide web access for users of the HTX lab to the outcomes of the AXIS
image scores along with the crystallization images (not shown here). Crystal probabilities, as calculated by AXIS, are represented in different shades of
green over a full 96-well crystallization plate (left, panels corresponding to three different plates are shown). At the same time, crystallographers can
introduce their own scores online using a seven-class manual scoring system presented as a colour code from blue to dark red (right) and where
experiments containing crystals are represented in two shades of red (see Materials and methods section). Good agreement between AXIS and user
inputs for the crystal classes can be appreciated, indicating the performance of the AXIS software, but a few discrepancies can also be observed, for

example position H11-3 in the middle panel.
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ments per day on a single GPU (see the Materials and methods
section). The AXIS scores were recorded in the CRIMS
databases and presented to scientists through the main
CRIMS crystallization plate interface. This interface presents
images of each crystallization experiment in a microplate
along with a map of the microplate to facilitate navigation
from one experiment to the next. AXIS scores are inserted in
the plate map and shown as different shades of green. To avoid
overwhelming users with low probability predictions, we used
a non-linear colour scale, giving very low visibility to prob-
abilities below 40% and a colour intensity growing rapidly
beyond (Fig. 3). Moving the mouse over a specific experiment
shows the crystal probability as a numerical value. While the
AXIS scores are shown in this interface by default, users can
introduce their own manual scores, which are stored inde-
pendently by CRIMS and presented as a different colour code.
This allowed us to collect feedback from expert crystal-
lographers in a convenient way and compare it with the output
of AXIS. Fig. 3 shows plate maps corresponding to repre-
sentative crystallization plates with AXIS scores and manual
scores from users of our facility. As described in the Materials
and methods section, users apply a seven-class manual scoring
system where experiments containing crystals are highlighted
in two different shades of red. As can be observed, there is
good agreement between AXIS and user scores for the
‘crystal’ classes. However, there are also differences. Careful
inspection of the discrepancies showed that they were in part
associated with the level of performance of the ML classifier,
but in other cases they were caused by inaccuracies in the
scores from human experts. As discussed above, incon-
sistencies of human scores are a well known issue. This made it
necessary to introduce a curation process before these data
could be used for re-training.

In order to implement a Lab-in-the-Loop approach and
evaluate discrepancies between AXIS and human scores, we
built an AXIS dataset curation tool in CRIMS. The goal was to
facilitate collection and annotation of datasets at any given
facility. This tool automatically identifies discrepancies
between user and AXIS scores and presents them through a
web interface for manual evaluation by expert curators (Fig.
4). Both visible and UV images (if available) are presented in
this curator interface along with the crystal probability
provided by AXIS and the manual scores provided by the
user. For the purpose of comparison between AXIS and
human scores, the two user scores corresponding to crystalline
material are assimilated to the AXIS ‘crystal’ class and the rest
to the AXIS ‘other’ class. The CRIMS curator can apply one
of four labels to the images: ‘crystal’, ‘other’, ‘uncertain’ (if the
curator is uncertain) and ‘unusable’ (if the image shows any
technical defect that prevents evaluation). Images marked as
‘crystal’ or ‘other’ by curators are then collected along with
those for which the human and AXIS scores agreed to form a
new training dataset.

A first set of 14 400 images was subjected to the AXIS Lab-
in-the-Loop workflow. This generated a total of 1140 experi-
ments with discrepancies between human and AXIS scores.
About half of the discrepancies (552) were experiments that
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Figure 4

A Lab-in-the-Loop approach combining Al and expert input for iterative
machine learning. The operation of recursive Lab-in-the-Loop cycles for
iterative ML is presented. The AXIS-foundation model is applied by
CRIMS to assign crystal probabilities to all crystallization images
produced at the local facility. AXIS scores along with the images are
presented to expert crystallographers using the facility, via CRIMS web
interfaces, and they can introduce their own annotations. Discrepancies
between ML and human scores are automatically collected, curated and
assembled into a new training dataset to produce improved AI models.
This cycle can be operated as many times as necessary to achieve optimal
performance and continuous adaptation to the changing conditions at any
particular facility.

the model wrongly identified as crystals. However, there were
17 cases where AXIS correctly identified crystals that the user
had clearly missed. An additional 68 experiments contained
crystals missed by AXIS but correctly identified by the users.
The rest of the discrepancies (428) corresponded to unsol-
vable conflicts, either through lack of agreement among
curators or due to image quality issues, and were excluded
from the curated dataset. This workflow resulted in the
curated CRIMS-v2 training dataset consisting of 25 568 visible
images and 16 658 UV images (Table 1).

The curated dataset described above was used to re-train
the AXIS-Vis-vl and AXIS-UV-vl models as described above
and the output of both models was again combined through
Argmax to produce the AXIS-CRIMS-v2 classifier model
(Fig. 4). This new model was tested against the C3 and CRIMS
test datasets. The performance of the classifier after the Lab-
in-the-Loop training cycle improved notably both with the
local and C3 test datasets, as show in Table 2. Supplementary
Figure S1 shows confusion matrices for the different classifier
models, indicating that the major area of improvement after
this first Lab-in-the-Loop step was in precision, with 367 drops
wrongly classified as containing crystals before this step and
only 165 after it. This is not surprising, since crystallization
datasets are largely imbalanced with a majority of images
corresponding to the ‘other’ class (73% of the images in the
case of the AXIS-CRIMS-v2 training dataset). The AXIS-
CRIMS-v2 classifier model was put in production to classify
fresh experiments as they were being produced at the HTX
lab, and a few weeks later a new Lab-in-the-Loop training
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Table 4 Table 5
AXIS-CRIMS recall scores by crystal type for the CRIMS test set. Extending AXIS to the VMXi test dataset.
Microcrystals Needles and Single Balanced

Model (%) clusters (%) crystals (%) Model accuracy (%) Recall (%)
MARCO 57.14 85.5 58.06 MARCO 85.1 76.6
AXIS-foundation 74.49 89.47 90.32 CHiMP-v2 91.1 90.3
AXIS-CRIMS-vl 92.30 98.68 100.00 AXIS-VMXi 92.01 94.48
AXIS-CRIMS-v2 92.86 98.68 100.00
AXIS-CRIMS-v3 93.88 98.68 100.00

Table 6

Training complexity comparison.
cycle took place (Fig. 4). This time, the new curated training Image
set (CRIMS-v3 in Table 1) contained 167 990 images and was Model el Total Trained inferences
used to re-train the AXIS-CRIMS-v2 model, producing the MOA;CO . = ‘t_“t“r; g:ra‘fl‘l‘ajte“ ;’:rarfl‘l‘fters ‘1‘;;”‘2;"0’

. . . . nceptlon—v miliion miliion million

new classifier model AXIS-CRIMS-v3. As indicated in Table C3 ResNet 50 25 million 25 million 22 million
2, AXIS-CRIMS-v3 has a crystal recall of 96.43% with the  cHiMP-v2 ConvNeXt-Tiny 28.5 million 28.5 million 5 million

CRIMS test dataset and a balanced accuracy of 96.27%, and is
the one currently in production at the HTX lab.

The performance of AXIS classifiers is not homogeneous
across all crystal types (Table 4). It shows very high detection
rates for both small- and medium-size crystals, needles and
clusters (above 98% recall), and excellent results with single
crystals, while it shows lower performance with microcrystals
(92%). In fact, seven out of eight false negatives produced by
the AXIS-CRIMS-v3 model correspond to very fine micro-
crystalline precipitates. The microcrystalline nature of this
type of material is sometimes difficult to judge from a single
image, and often expert crystallographers would disagree as to
whether such material should be classified as crystalline.
Therefore, this class tends to be under-represented in crys-
tallization image test sets. However, we decided to include this
category as crystalline and train AXIS to identify this type of
material, because these experiments can sometimes provide
useful information for follow-up crystal optimization or be
useful for other techniques, such as serial crystallography or
electron diffraction. As can be observed from Table 2, the
AXIS-CRIMS-v1, -v2 and -v3 models perform better than the
MARCO model with all test sets. However, they tend to show
slightly better crystal recall with the C3 test dataset than with
the CRIMS test set. This can be explained by the higher
abundance of microcrystals in the CRIMS test dataset as
compared with the MARCO and C3 test sets.

4.4. Extending AXIS to other image datasets

In order to determine whether AXIS could be transferable
to image datasets generated at other facilities, we applied the
same approach to a dataset generated at the VMXi beamline
of the Diamond Light Source (Sanchez-Weatherby et al., 2019;
Mikolajek et al., 2023). The VMXi dataset contains 11 161
images in the same four classes defined for the MARCO
dataset and an accompanying test set with 632 images (King et
al., 2024). The images were obtained with a Rock Imager
instrument (Formulatrix, Bedford, MA, USA) installed at the
VMXi beamline using only visible light and different crystal-
lization plate types and imaging conditions (King et al., 2024)
to those used at the HTX facility in Grenoble. For example, in
the VMXi dataset not only the crystallization drop but also the

AXIS-foundation DINOv2-base
AXIS-CRIMS-vl DINOv2-base
AXIS-CRIMS-v2 DINOv2-base
AXIS-CRIMS-v3 DINOvV2-base

900 thousand
16 thousand
50 thousand
600 thousand

86.6 million 4 million
86.6 million 4 million
86.6 million 4 million
86.6 million 4 million

whole crystallization well is visible in the micrographs. The
VMXi training and test datasets were consolidated into two
classes: ‘crystals’ and ‘other’, used by AXIS as indicated
above.

We re-trained the AXIS-foundation model with the VMXi
training set using the same protocols described above in the
Materials and methods section. This produced the AXIS-
VMXi classifier. We evaluated the performance of AXIS-
VMXi against the VMXi test datasets. For comparison, the
MARCO (Bruno et al., 2018) and CHiMP-v2 (King et al.,
2024) classifier models, previously applied to VMXi data, were
also run against the test dataset. As shown in Table 5, the
AXIS-VMXi model produced very good performance against
the VMXi test set, with crystal recall of 94.48% and balanced
accuracy of 92.01%, improving both over the MARCO and
CHiMP-v2 models. This demonstrates that AXIS can be effi-
ciently applied to the classification of crystallization images
from different origins and under varying conditions with high
performance (Table 6).

5. Discussion

Since the introduction of high-throughput crystallization,
automated crystal identification has been pursued (Rosa et al.,
2023; Wilson, 2002; Bern et al., 2004; Saitoh et al., 2005) but is
proving to be a difficult task. With the recent generalization of
automated protein-to-structure and ligand screening pipelines,
capable of processing hundreds to thousands of crystals within
a few days, reliable systems for automated crystal identifica-
tion able to work with images from diverse origins become a
necessity. Such systems have the potential of removing manual
steps in otherwise highly automated pipelines, increasing their
productivity and reliability with impact both in fundamental
research and structure-based drug design. ML-based classi-
fiers for crystallization images have been developed in a
number of laboratories (Bruno et al., 2018; King et al., 2024),
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but their performance tends to degrade when applied to
images from other facilities (Rosa et al., 2023). This imposes
the need for re-training with image datasets produced locally,
thereby limiting their transferability. The Al-based Crystal
Identification System (AXIS) described here addresses these
limitations by integrating recent foundational models for
computer vision, state-of-the-art transfer learning techniques
and a web-based Lab-in-the-Loop approach combining AI
and collaborative expert input for iterative learning to deliver
high performance in crystal detection and enable rapid
adaptation to local or varying conditions at any facility.

AXIS applies a multi-step ML approach (Fig. 1) and
provides a foundational model for crystal identification able to
interpret both visible and UV light images. The AXIS-foun-
dation model integrates the DINOv2-base computer vision
model (Oquab et al., 2024) trained to extract visual features
using 142 million images, and has been re-trained for crystal
identification using the MARCO (Bruno et al., 2018) dataset.
This represents an ideal starting model for crystal identifica-
tion, as it combines the power of a large computer vision
model with the largest crystallization image dataset available
to date, with 415 775 crystallization images originating from
five different laboratories (Bruno et al, 2018). The AXIS-
foundation model performs better than previously reported
models across different test image datasets, therefore it is an
ideal starting point for crystal image classification. It can be
easily implemented at any facility and requires minimal
computing resources, as it is able to process hundreds of
thousands of images per day in a single GPU. At the same
time, AXIS performance at any given facility is likely to
improve by fine tuning with image datasets generated locally.
Collection and annotation of image datasets can be a tedious
and time-consuming process that many laboratories might find
difficult to implement. By integrating AXIS with the CRIMS
software (Cornaciu et al., 2021), we have implemented a Lab-
in-the-Loop approach that facilitates this operation, signifi-
cantly lowering the barriers for the implementation of Al in
crystal detection.

The CRIMS Lab-in-the-Loop functionality automatically
tracks ML-based and human image annotations during the
normal progress of crystallography projects and collects
agreements and discrepancies. A data curation interface
enables efficient evaluation of the data by expert crystal-
lographers to eliminate human annotation inconsistencies and
generate validated image datasets that can be used for fine
tuning of the initial model under local conditions. This
approach makes it possible to integrate input from hundreds
of crystallographers over a very diverse range of samples,
making the collection of local image datasets very efficient and
saving experts’ time. The fine-tuning process can be applied in
multiple steps and with limited-size datasets, which facilities
implementation. For example, the AXIS-foundation model
can be implemented as a first step in crystal detection, while at
the same time it will provide the basis for comparison between
user-input and ML-based scores under local conditions. After
a few weeks, sufficient data would be available for a first fine-
tuning step that can then be repeated until optimal perfor-

mance is achieved. As we demonstrate here, this approach was
successful when applied to images from two different facilities,
the HTX lab at EMBL Grenoble (Cornaciu ef al., 2021) and
the Diamond VMXi beamline (Sanchez-Weatherby et al.,
2019), showing that the combination of AXIS-foundation and
the Lab-in-the-Loop approach represents an efficient way to
achieve a high level of crystal detection as well as accuracy
with datasets from different origins. At the HTX facility,
where the system is currently in production, the AXIS-
CRIMS-v3 model trained through consecutive Lab-in-the-
Loop cycles achieved very high performance in the identifi-
cation of 2D and 3D crystals (crystal needles, plates, clusters
and single crystals) with over 98% detection and can also
identify difficult categories, like microcrystalline precipitates,
with a recall of 94%.

We also demonstrate that the use of UV images can
improve crystal detection. Currently, automated crystal-
lization plate imagers are often equipped with both visible and
UV imaging capabilities, but UV imaging in Al-based crystal
detection had not been systematically explored to date. Our
results show that when addressed independently, the perfor-
mance of the UV-based image classifier is lower compared
with the visible image model. This may be in part due to the
fact that the UV classifier has been trained with a compara-
tively lower number of images, as large and diverse UV-image
datasets are still lacking. However, the UV-based classifier was
able to identify crystals that the visible model failed to
recognize. Therefore, the combination of both visible and UV
image models improves the performance of image classifica-
tion. In its current implementation, AXIS is able to use either
visible or UV images to provide scores. However, if both types
of images are available for the same experiment, it will
automatically combine the scores to give optimal results.
Thanks to this approach, AXIS achieves a performance
comparable with that of expert crystallographers but in a fully
automated manner. Moreover, it eliminates many of the
problems associated with manual annotation, particularly
inconsistencies due to fatigue or lack of experience, for
example. Indeed, AXIS regularly identifies crystals that have
been missed by human inspection, helping scientists to identify
key crystallization conditions while at the same time their
expert input re-inforces the machine learning process. While
in this work we focused on crystal identification with only a
two-class classification system, this approach could potentially
be applied to multiclass classification, in order to identify
other types of outcomes like clear drops, precipitation, phase
separation etc., which in combination with information about
the crystallization conditions might help with the design of
follow-up experiments if crystals are not identified. Such a
multiclass classification system might also exploit the images
that multiple experts would classify differently (which were
not used for training here) by creating a specific class, for
example.

Potential applications of AXIS extend beyond initial crystal
identification and could contribute to automation in other
areas of the crystallography workflow. For example, auto-
mated crystal centring through X-ray sample rastering is
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currently used at many synchrotron beamlines. However, it
consumes time, potentially slowing down the data collection
process. Systems like AXIS have the potential to replace
sample rastering, making data collection much more efficient
and cost-effective at synchrotrons. On the other hand, the
combination of ML and the Lab-in-the-Loop approach we
demonstrate here can be applied to other areas of structural
biology, where initial ML-trained models can learn through
input from expert scientists to choose optimal experimental
parameters throughout very complex experimental workflows
that would otherwise require careful expert evaluation and
human decisions. The approach we demonstrate here, in
combination with existing laboratory automation, can help
transform a once-considered complex and time-consuming
experimental workflow available only to well trained experts
into fully automated workflows, where complex experimental
parameters are automatically chosen to achieve results with
optimal quality, making structural biology facilities worldwide
more efficient and helping shift scientists’ time from experi-
ment control to data analysis and interpretation.
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