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ARTICLE INFO ABSTRACT

Keywords: Imaging and image-based process analytical technologies (PAT) have revolutionized the design, development,
CrYStalhzaU‘m_ and operation of crystallization processes, providing greater process understanding through the characterization
froce.ss analytical technology of particle size, shape and crystallization mechanisms in real-time. The performance of corresponding PAT
maging

models, including machine learning/artificial intelligence (ML/AI)-based approaches, is highly reliant on the
data quality used for training or validation. However, acquiring high quality data is often time consuming and a
major roadblock in developing image analysis models for crystallization processes.

To address the lack of diverse, high-quality, and publicly available particle image datasets, this paper presents
an initiative to create an open-access crystallization-related image database: OpenCrystalData (OCD, at www.ka
ggle.com/opencrystaldata/datasets). The datasets consist of images from different crystallization systems with
different particle sizes and shapes captured under various conditions. The initial release consists of four different
datasets, addressing the estimation of particle size distribution using in-situ images for different categories of
particles and detection of anomalous particles for process monitoring purposes. Images are collected using
various instruments, followed by case-specific processing steps, such as ground-truth labeling and particle size
characterization using offline microscopy. Datasets are released on the online collaborative platform Kaggle,
along with specific guidelines for each dataset. These datasets are aimed to serve as a resource for researchers to
enable learning, experimentation, development, and evaluation and comparison of different analytical ap-
proaches and algorithms. Another goal of this initiative is to encourage researchers to contribute new datasets
focusing on various systems and problem statements. Ultimately, OpenCrystalData is intended to facilitate and
inspire new developments in imaging-based PAT for crystallization processes, encouraging a shift from time-
consuming offline analysis towards comprehensive real-time process insights that drive product quality.

Open-access database
Machine learning

Introduction

Crystallization process has applications in pharmaceutical, food, and
chemical industries where it is used to produce crystals with desired
properties, such as purity, shape, and crystal size distribution (CSD).
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(Arruda et al., 2023; McGinty et al., 2020) Among different process
analytical technology (PAT) tools, image-based PATs have recently
gained popularity in facilitating rapid crystallization process design, and
process monitoring and control. The growing interest in using these
tools is mainly because of their ability to function as an
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information-gathering tool, supporting process understanding and
robustness assessment. Furthermore, using image-based PAT tools can
facilitate process design and control by replacing traditional off-line
measurement-based control with an on-line monitoring-based control
strategy. In particular, in-situ imaging offers the potential for real-time
CSD characterization and measurement, which can be directly utilized
in a feedback control loop, enabling adjustment of process parameters in
real-time to maintain the desired crystal quality outcomes. (Simon et al.,
2014; Yu et al., 2004; Barrett et al., 2005; Nagy and Braatz, 2012; Nagy
et al., 2013)

In-situ imaging probes (e.g., Particle Vision and Measurement or
EasyViewer from Mettler Toledo, Blaze Micro from Blaze Metrics, etc.)
can collect significant amounts of real-time image data from a crystal-
lization process. This data can provide both qualitative and quantitative
insights into the underlying processes by tracking the onset and pro-
gression of different crystallization mechanisms, enable monitoring
critical quality attributes of products, characterize steady states or
equilibration, and enable implementation of external feedback control
loops for process control. (E. Simone et al., 2015; E. Simone et al., 2015;
Wu et al., 2022; Agimelen et al., 2016; Borsos et al., 2017) Moreover,
there is a growing interest in utilizing in-situ imaging data to assist the
development of population balance models and estimation of crystalli-
zation kinetic parameters. (Szilagyi et al., 2020; B. Szildgyi et al., 2022;
B. Szilagyi et al., 2022; Barhate et al., 2024)

To maximize the information gained from each experiment during
crystallization process development and to aid the aforementioned ef-
forts, there is a need for image analysis models that transform raw image
data collected during experiments to actionable insight by extracting
qualitative and quantitative information. (Xiouras et al., 2022) Various
image analysis models, including a large number of machine learning
(ML)-based models trained using data collected from in-situ PAT tools
have been developed for different crystallization-related tasks including,
online process monitoring and impurity detection, (Salami et al., 2023;
Salami et al., 2021; Tachtatzis et al., 2015) real-time particle size and
shape characterization, (Jaeggi et al., 2021; Salami and Skomski, 202.3;
Manee et al., 2019) and to control crystal quality attributes by manip-
ulating process parameters. (Oner et al., 2020; Irizarry et al., 2017; Wu
and Wu, 2023; Benyahia et al., 2021; de Moraes et al., 2023) However,
in most cases, the models developed are specific to the system in
consideration. This limited applicability is either due to selecting spe-
cific hyper parameters or processing workflows or the data-driven
models being trained on experimental datasets collected for specific
case studies.

To enable model development and experimentation efforts and
enhance the overall capabilities in-situ crystallization image analysis,
access to large and information-rich datasets is necessary. However,
despite the abundance of experimental data being collected in various
academic and industrial settings, access to high quality data, annotated
and validated by human experts, or offline particle size and shape
characterization tools is limited. Typically, individual labs conduct
specific experimental campaigns and build isolated datasets and models.
While the developed image analysis model might be introduced to the
public through publications or informal communications, the experi-
mental data underlying the models are usually not shared and remain on
local hard drives or access-restricted data repositories. (Xiouras et al.,
2022)

In this regard, the collaborative effort described in this manuscript
envisions the creation of an open-access crystallization process image
database, featuring a collection of high-quality, microscopic images
captured across diverse crystallization systems and focusing on different
crystallization-specific tasks such as particle size estimation or impurity
detection. Depending on the task, sets of annotated images along with
corresponding attributes are prepared, serving as the ground truth to
enable easy and direct application of the datasets to evaluate, develop,
and build different image analysis algorithms. The database, named
OpenCrystalData, has been made accessible online through the well-
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known Kaggle data science community, and will be consistently main-
tained, fostering collaboration among researchers by enabling the
shared use of datasets. The datasets can be searched on Kaggle via the
name “OpenCrystalData” (www.kaggle.com/search?q=opencr
ystaldata). In general, datasets that are available on Kaggle contain
key descriptors, data collection methodology, and metadata. Each
dataset can be referenced with their own individual Digital Object
Identifier (DOI). Users can import the desired datasets or algorithms
from Kaggle and implement their own workflow on the cloud that allows
for quick testing and ease of collaboration. The hope is that this initiative
opens avenues to capitalize on the existing experimental data to support
the advancement of algorithmic developments for image-based moni-
toring, design, and control of crystallization processes.

The OpenCrystalData (OCD) initiative draws inspiration from similar
endeavors in different fields, including the creation of open-access da-
tabases such as the magnetic particle imaging database, (Knopp et al.,
2020) the transmission electron microscopy image database for catalytic
applications, (Nartova et al., 2022) and the chemical microparticle
image database in multiphase flows. (Liu et al., 2023) Another notable
example is the machine recognition of crystallization outcomes
(MARCO) dataset (Bruno et al., 2018) that comprises of approximately
half a million off line microscopic images of singular protein crystals
curated together to facilitate the development of powerful ML-based
image analysis algorithms for crystal recognition tasks. This diverse
and large database was sourced from various organizations, including
academic institutions and several pharmaceutical companies, fostering a
collaborative environment, and benefitting both industrial and aca-
demic applications. (Bruno et al., 2018) While the microscopic images in
the MARCO dataset were captured under ideal lighting conditions, it is
essential to recognize that in-situ microscopic images obtained through
PAT tools often exhibit significant variations. These variations arise due
to factors such as focus, lighting, orientation, and particle density, which
depend on the specific crystallization system. Consequently, the devel-
opment of image analysis algorithms capable of universally extracting
information from these images presents greater challenges compared to
images resembling those in the MARCO dataset. The OpenCrystalData
initiative aims to address this gap by hosting a collection of images,
fostering the development of specialized image analysis algorithms for
diverse crystallization tasks.

The current version of the database (Fig. 1) encompasses image
datasets derived from two distinct crystallization systems and two
standard systems including polystyrene and 1-Glutamic acid particles for
tackling various types of crystallization-related problems such as im-
purity detection (object classification), instance segmentation, and in-
situ crystal size estimation. For each dataset, first, the necessary back-
ground and a general description of the dataset and the associated
problem are provided. Subsequently, details related to the dataset gen-
eration such as the crystallization system employed, the instrumentation
hardware utilized, and the methods employed for annotation and vali-
dation are discussed (Table 1). Fig. 2 shows some of the example image
analysis workflows that can be employed to approach tasks related to
the presented datasets. Lastly, details on how to access and get started
with each dataset are presented along with a brief discussion and rec-
ommendations of some of the image analysis algorithms and modeling
paradigms that could be used to approach the problem. While the vol-
ume and diversity of the datasets discussed herein, does not fully capture
the vast heterogeneity observed in different crystallization systems, the
problem types include the most important tasks related to crystallization
process monitoring and characterization. The goal is to set task-specific
standards and encourage the addition of new data by other members of
the crystallization and particle engineering community.
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Fig. 1. Example images from three datasets in OpenCrystalData. (A) cephalexin reactive crystallization with phenylglycine impurities highlighted and circled with
dashed lines, (B) needle-like particle images from an industrial agrochemical crystallization process used to build models that generate PSD data comparable with
offline PSD, (C) images of polystyrene standard sphere particles with particle-level annotations shown by the green circles. Object-level annotations can be used to

train deep-learning-based image analysis models.

Table 1
Information about the datasets in the first release of OCD on the Kaggle platform.

Impurity in cephalexin reactive AgCrystal images

Standard polystyrene VANSIL® Wollastonite and 1-

Name
crystallization microspheres Glutamic acid

Problem type Morphology/anomaly detection Particle Characterization Particle Characterization Particle Characterization
Number of 400 Raw images, 6000 Cropped 3888 images 2300 images 120 images

images images
Microscopy In-situ In-situ In-situ In-situ

type

PVM v819 EasyViewer-100

PAT hardware EasyViewer-100 EasyViewer-100

Other metadata -
size distributions

DOI 10.34740/kaggle/dsv/6581298

Solids concentration loading and offline particle

10.34740/kaggle/dsv/6743111

EasyViewer-400
ParticleTrack-G400

Particle size and chord length
distribution
10.34740/kaggle/dsv/7414048

Particle size distribution

10.34740/kaggle/ds
v/6376944

Datasets description
Dataset-1: impurity in cephalexin reactive crystallization

This dataset highlights the use case of detecting the presence of
impurity or undesired particles in a crystallization process. The dataset
can be used to inform the development or evaluate the performance of
image anomaly detection algorithms. It also presents an example to
encourage further research into the application of image-based process
monitoring.

Background: One of the most common applications of crystallization
in chemical and pharmaceutical industries is for purification. Examples
include crystallizing a specific, therapeutically active enantiomer,
(Lorenz et al., 2006; Bredikhin and Bredikhina, 2017) or crystallizing a
target product from a reaction solution at the end of a multi-step syn-
thesis process involving multiple reactants and products. Ideally, the
molecule of interest is the only crystallizing species in such a system

resulting in a pure product upon filtering the slurry, and with an
acceptable yield. However, there might be cases in which deviations in
process parameters might lead to conditions under which other mole-
cules in the system form a solid phase. Detecting the formation of this
second solid phase is critical for process monitoring and quality pur-
poses. Enzymatic reactive crystallization of cephalexin monohydrate is
such a case, where a byproduct of the cephalexin synthesis reaction
(phenylglycine, PG) has a low solubility in the reaction medium (water)
and will precipitate if generated in excess amounts. (Salami et al., 2021)
Description: Images in this dataset are captured from a cephalexin
monohydrate crystallization process (Fig. 1, Panel A). Briefly, a cepha-
lexin monohydrate crystal slurry was prepared with a seeded batch
crystallization process and using pH swings to generate supersaturation.
Upon the completion of crystallization, a set of in-situ images were
captured from the slurry using a Mettler-Toledo EasyViewer-100 probe
(pure cephalexin monohydrate slurry, no byproduct crystals present). In
the next step, phenylglycine crystals, pre-made using a pH swing


https://www.kaggle.com/datasets/opencrystaldata/cephalexin-reactive-crystallization
https://www.kaggle.com/datasets/opencrystaldata/agcrystal-images
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Fig. 2. Examples of the image analysis workflows that were used to tackle different crystallization problem types related to the presented datasets. Access to particle-
level annotations facilitates training of deep learning-based segmentation models (top path). More conventional methods such as thresholding or watershed, can be
applied in combination with a feedback loop from offline measurements to optimize model hyperparameters such as threshold level (bottom path). Other alternatives
include use of pretrained general-purpose vision models such as SAM (Kirillov et al., 2023).

method, were added to the slurry in incremental amounts. In-situ images
were captured from the slurry (impure slurry, phenylglycine crystals
present). A complete description of the experiments and a discussion on
potential impact of process conditions on the shape of impurity crystals
can be found elsewhere. (Salami et al., 2021) This image dataset is
divided into two parts of Raw and Cropped images corresponding to the
treatment of the original image. Raw images are original images
captured by the probe, and Cropped images are instances of cephalexin
or phenylglycine crystals. Images in both raw and cropped folders are
then divided into two sub-folders, cephalexin crystals and phenylglycine
crystals corresponding to the target product and the byproduct. All
phenylglycine crystal containing images were selected by a manual re-
view process of images from the corresponding system and drawing a
bounding box around the identified impurity particle.

Potential approaches: Depending on the application, the problem of
monitoring a crystallization process for detecting impurities can be
approached from two angles. If the impurity to be controlled for is
known and has a fixed morphology one might treat the problem as a
binary classification with two classes of target and impurity crystal
images. This approach might require taking necessary steps to address
the possibly imbalanced dataset as in most applications it is likely that
most image datapoints are from the target class. More generally how-
ever, the problem can be formulated as an anomaly detection task in
which impurity crystals (ideally, particles with morphologies signifi-
cantly different than that of target crystals’ distribution) images are to
be identified.

Dataset-2: agcrystal images

This dataset was used to calibrate an image segmentation algorithm
for the analysis of in-situ microscopy images, and the results were
compared with the measurements obtained from offline microscopy.

Background: Monitoring and control of crystal size and shape during
crystallization is critical in various industrial applications (agrochemi-
cals, pharmaceuticals, or energetics). Lack of control in particle size can
cause poor final product performance, manifesting as failures in product
formulation or dissolution testing, and negatively impact downstream
processing such as product filtration, washing, and drying. (MacLeod
and Muller, 2012) Traditionally, measurements are obtained offline

after slurry filtration, washing, and drying. While sampling during the
crystallization process can improve data scarcity, oversampling of the
crystallization slurry can impact the crystallization kinetics and process.
Unprocessed in-situ images can provide qualitative information
throughout the process. An adaptive image analysis algorithm can be
developed, and its hyperparameters fine-tuned as a function of solids
loading to extract quantitative information (size distribution, shape,
aspect ratio) from these images.

Description: Images in this dataset originated from an industrial
agrochemical crystallization process with needle-like crystal particles
(Fig. 1, Panel B). Three batches of the active ingredient with different
crystal size distributions were used for the calibration and validation of
an image analysis algorithm. Pre-weighed samples were suspended in a
known volume of mother liquor to create slurries with known solids
loading. Particles were imaged with an EasyViewer-100 in situ probe
immersed in the vessel. Images were acquired starting at the lowest
solids concentration and increased to higher concentrations by adding
more solid material. A Morphologi G3 microscope was used to measure
the particles off-line via image analysis and establish the ground truth
values. The dataset contains a folder with images for model calibration
and a folder with images for model validation. Each folder is divided
into subfolders labeled with particle size and solids concentration
associated with the images contained inside. The off-line measured
particle size distributions, the ground truth, for all batches are compiled
into a spreadsheet for reference.

Potential approaches: Extracting quantitative descriptors (length,
width) of particles from an image is the main goal for this dataset. An
image can be processed by an image analysis model with the goal of
segmenting in-focus particles from the background noise such as light
artifact, overlapping particles, and particles that are out-of-focus.
Different background separation and elimination algorithms can be
explored by the user to attain adequate segmentation, with image
analysis software such as ImageJ, Matlab, Python packages (OpenCV,
Scikit-Image, PIL). Basic methods from ImageJ, such as rolling ball,
thresholding, and average background subtraction, which are compu-
tationally fast, can be tried at first. However, these methods fall short if
the image background or illumination are varying. More complex al-
gorithms such as MOG (Gaussian) and GMG (Bayesian) from OpenCV’s
background subtractor methods can address the variability in the image
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background at the expense of more computational time and power
needed. Afterwards, object detection algorithms can be implemented to
detect particles of certain morphology, needle-like particles for this
dataset, and the characteristics of particles can be obtained. Results
obtained from analyzing the higher solids concentration images can be
compared with lower solids concentration data as image segmentation is
typically simpler to perform at lower concentrations. User can also
choose to use particle size distribution obtained from an off-line image
analysis instrument as the ground truth to evaluate or calibrate the
image analysis algorithm as done in a previous work. (Wu et al., 2023)

Dataset-3: standard polystyrene microspheres

This dataset is a collection of microscope images taken of polystyrene
standard sphere particles (Fig. 1, Panel C). These particles are of Na-
tional Institute of Standards and Technology (NIST)-traceable size dis-
tribution, making them an excellent case for training and/or evaluating
image analysis methods. Along with the images, particle location an-
notations are provided (i.e., object masks). Together this forms a dataset
suitable for training a deep learning model for object detection or seg-
mentation. Furthermore, this dataset can be used to evaluate the per-
formance of pre-trained foundational object detection models such as
SAM (Kirillov et al., 2023) on example domain specific tasks.

Background: Particle characterization can be used for gathering data
for process modelling. Off-line analysis is typically used to obtain sam-
ples of particle size, to which models such as population balance models
are fit. In-situ imaging offers a higher sampling rate and has the potential
of providing richer data for model fitting. However, image analysis of in-
situ images is typically more challenging. (Lins et al., 2022) Deep
learning-based models such as YOLO (ultralytics/yolov5), Mask R-CNN
(He et al., 2020), and more recently SAM (Kirillov et al., 2023) are
becoming popular for object detection and segmentation tasks, where an
image is analyzed to give a list of objects found, including each object’s
location and border. In the case of object detection, a training set would
be a set of images annotated with object locations (e.g., a bounding
contour or pixel-mask). Such dataset can be used to train a deep learning
model from scratch or fine-tune a pre-trained model for use with
microscopic images.

Description: Standard Polystyrene particles were obtained from
Fisher Scientific. Particles of different sizes (150, 300, 400, and 500 pm)
at different solids concentrations (1, 2, 2.5, 3.3, and 5 wt% for all sizes;
and for 400 pm size up to 12.5 wt%) were suspended in de-ionized water
and were imaged using a Mettler-Toledo Particle Vision and Measure-
ment (PVM v819) probe. Further details on the data collection can be
referred elsewhere (Cardona et al., 2018). While many images were
collected, a random subset was selected to make the size of the resulting
dataset manageable. In each image the location of particles was anno-
tated and stored in the provided JSON file, following the COCO Dataset
format. (Lin et al., 2014) Annotations are in the form of a bounding
contour. Particle locations were annotated using a combined approach
of manual and automatic annotation. The first pass of machine-assisted
annotation using a pre-trained model was subsequently checked by a
human such that those annotations deemed inaccurate were refined
manually. Manual annotation was achieved using the Computer Vision
Annotation Tool (CVAT) (openvino/cvat). Particles were annotated by
drawing a polygon around their border. If the border was unsharp, a best
guess approach was employed to select the appropriate border for the
particle. Particles which were out of focus were not annotated. Particles
falling off the edge of the frame were annotated despite not being able to
be sized. This is to provide object detection models with consistent in-
formation on what a particle edge looks like. Particles on the edge can be
trivially filtered later before forming a PSD. Along with the annotated
images, the ground truth particle size distribution given by the manu-
facturer is included in the dataset.

Potential approaches: A typical desired output of image analysis is
the size distribution (or quantiles) of a population of particles. To answer
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this, the location of each particle in each image needs to be found and
the particle dimensions need to be measured. The sizes can be histo-
grammed to form a PSD, if enough particles are counted for statistical
robustness. Otherwise, quantiles or mean size can be obtained. A deep
learning-based model such as Mask R-CNN (He et al., 2020) can be
trained using the provided dataset to resolve particle size from the in-situ
microscopy data. The obtained PSD can then be compared to the
NIST-traceable PSD provided by the manufacturer. The results can be
validated at two levels: segmentation-level evaluation is performed by
comparing the results of image analysis against the ground-truth an-
notations (i.e., checking whether the model detects the particles in an
image accurately); PSD-level evaluation is made with reference to the
manufacturer specification (i.e., checking whether the obtained PSD
matches the expected one).

Dataset-4: VANSIL® wollastonite and l-Glutamic acid particles

Background: In many areas such as the pharmaceutical industry
product specifications are rapidly changing to become more precise. To
enable this requires improving the manufacturing processes and tech-
niques. (Bolla et al., 2022; Urwin et al., 2023) The improvement of
manufacturing processes requires developing PATs to capture informa-
tion concerning a process and enable process automation to reduce
batch-to-batch variations. (Orehek et al., 2021) Robust process auto-
mation is highly dependent on in-situ monitoring systems. Therefore,
developing robust monitoring systems is imperative for two main rea-
sons. Acquiring real-time data from a process, providing real-time
feedback required for process automation, and collecting data using
PATs to obtain the required information for understanding different
crystallization mechanisms. (Gao et al., 2021; Metherall et al., 2023)
This dataset includes images from two different imaging instruments
along with particle size and chord length data, enabling comparisons
between different in situ particle characterization instruments.

Description: VANSIL® Wollastonite and 1-Glutamic acid powders
were purchased and used as received from Vanderbilt Minerals LLC and
Sigma Aldrich, respectively. These two materials were used to prepare
analogous suspensions of pharmaceutical particles, allowing us to create
images of the particles in suspension. VANSIL® Wollastonite particles
had a needle-like shape with high aspect ratios while 1-Glutamic acid
particles had low aspect ratios and were rod shaped. Water-based sus-
pensions of VANSIL® Wollastonite with different weight percentages,
and acetone-based suspension of 1-Glutamic acid with 5 wt% was pre-
pared. In-situ images of particles were captured using Mettler-Toledo
EasyViewer-100 and Mettler-Toledo EasyViewer-400 probes. Concur-
rently, a ParticleTrack G400 instrument was used to measure the par-
ticle chord length distribution for all suspensions. Instrument default
collection parameters were used throughout the data collection.

Potential approaches: The image data provided in this dataset can be
used mostly in the same manner as outlined for the Dataset-2 above.
Additionally, thanks to the availability of chord length distribution in
this case, potential mappings between the image-based and reported
particle size data and chord length distribution estimations by Parti-
cleTrack instrument can be explored.

Discussion and outlook

Four datasets discussed above touch upon general crystallization
image analysis problem types. While different image processing
methods and tasks are encapsulated in this release, these datasets do not
fully cover all problem types or crystallization systems. New potential
additions to enrich the current database can be divided into a few
categories:

Dataset-1 focuses on impurity detection and particle classification.
Another related and equally important crystallization problem type is
the detection of different crystal polymorphs in a vessel. Provided there
are morphological differences, different forms can be detected as
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different particle populations with distinct visual characteristics. The
ratio of the polymorphs observed in a set of images can be used to es-
timate a polymorphic form ratio that can potentially be used for crys-
tallization process control and modeling. Other relevant cases include
image data from systems prone to agglomeration. Such dataset can
enable building models to detect and inform on the extent of agglom-
eration in a system.

Dataset-2 and 4 include images of needle-like or rod-like particles
along with off-line measurements of particle size as ground-truth.
Similar data for new systems and more complicated shapes and mor-
phologies, such as rod-like particles, can enable building more gener-
alizable image analysis models, ultimately enabling real-time process
control or improve calibration data for multi-dimensional crystallization
population balance models.

Dataset-3 with images of standard spherical particles and similar
cases enable the development of deep learning-based models for accu-
rate image and instance segmentation. New additions can include image
data to aid in training models to detect spherical droplets such as
emulsion systems in active ingredient formulations or detection of oiling
out phenomenon in crystallization systems. These models can be useful,
for example, for measuring liquid-liquid phase separation points on the
phase diagram.

Overall, the addition of new and diverse datasets in various cate-
gories of crystallization problem types and systems is necessary to
enable experimentation and new developments. More importantly,
building truly generalizable (unbiased, not overfit) machine learning-
based image analysis models requires rich data of various particle
shapes and morphologies that, most likely, cannot be supplied by a
single experimental campaign.

The open-access nature of OpenCrystalData guarantees full trans-
parency regarding the datasets utilized for training image analysis
models. This transparency enables potential users to thoroughly assess
the quality of datasets on the platform according to their specific re-
quirements. OpenCrystalData also implements an internal review pro-
cess focusing on both the integrity of primary data and the consistency
and accuracy of the metadata, corresponding to each dataset. During the
future expansions of the database, this quality review will be system-
atically applied to each new dataset to maintain the platform’s standard
for high-quality data.

Conclusion

In recent years, image-based process analytical technologies (PATSs)
have attracted significant attention in the crystallization community.
Advancements in hardware, in the form of new imaging probes or
specially designed processes to facilitate capture of high-quality images
along with powerful image analysis models highlight the potential for
extracting real-time and actionable insights. However, it is essential to
recognize the inherent complexity of the problem, particularly when
working with images under high solids loading conditions. Additionally,
a significant obstacle in achieving this goal is the scarcity of high-quality
image datasets with the necessary pre-processing, annotations, and
ground-truth benchmarking, that is necessary for the training and
enhancement of existing image analysis models. The availability of
secondary data and metadata along with the primary image dataset is
also crucial for a high-quality image dataset.

OpenCrystalData aims to tackle these challenges by promoting
learning, experimentation, development, and evaluation of image
analysis models through initiating a series of publicly available image
datasets. The overarching goal of OpenCrystalData is to encourage ef-
forts for building a comprehensive database that encompass a diverse
array of tasks associated with the crystallization process monitoring and
characterization including but not limited to particle size estimation,
particle classification, and anomaly detection. By providing these open-
access resources, it is envisaged that this initiative stands as a catalyst for
advancing the field of image-based crystallization process monitoring
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and development.
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