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Abstract

The fast and accurate detection of protein crystals is essential in the bio-
pharmaceutical industry. This work presents a unified approach that integrates
Detectron2-based instance segmentation with optimized image pre-processing
and Gaussian Mixture Model clustering. Protein crystallization underpins struc-
tural biology and drug discovery, yet manual inspection of microscopy images
is time-consuming, subjective, and error-prone. We developed an automated
end-to-end pipeline for crystal detection and characterization on microfluidic
platforms. The dataset contains 1,860 images, with 382 annotated, for instance
segmentation. Baselines including YOLOv3 and edge-based methods, struggle
in high-density conditions and produce false positives from artifacts. Models
Detectron2 Mask R-CNN ResNet-101-FPN, achieving a high average statisti-
cal metric, the Dice Score of 0.90 while maintaining a false-positive rate below



5%, as confirmed through expert validation. A GMM module in PCA-reduced
features identifies four clusters with weights [0.5926, 0.1650, 0.2252, 0.0172],
reflecting morphology patterns. The framework enables accurate crystal measure-
ment and morphology analysis, achieving 92% agreement with expert annotations
and fewer than 5% false-positive detections during validation, thereby reducing
observer-dependent bias and supporting high-throughput crystallisation screen-
ing. Improves reproducibility and efficiency, supports data-driven structural
biology, and rational drug design, enabling faster protein structure determination
and therapeutic discovery..

Keywords: Protein crystallization, Instance segmentation, Detectron2, Mask R-CNN,
Gaussian Mixture Models, PCA, High-throughput screening, Structural biology, Drug
discovery

1 Introduction

Protein crystallization is a critical step in biochemical research, drug discovery, and
structural biology, as high-quality crystals enable accurate determination of molecu-
lar structure through techniques such as X-ray diffraction. Protein crystallisation is
important for drug development and biopharmaceutical research because it enables
the production of ordered protein crystals that can be analysed by X-ray diffraction
to determine atomic-level structures of proteins, protein-ligand complexes and bio-
logical drug targets [1, 2]. These structures reveal how therapeutic molecules interact
with their targets, supporting rational drug design, fragment-based screening, lead
optimisation and mechanistic understanding of drug action [1-3].

Beyond structural biology, protein crystallisation can also be used as a biophar-
maceutical formulation strategy because protein crystals may allow high therapeutic
loading in smaller volumes while reducing the viscosity challenges often associated with
highly concentrated soluble protein formulations [4]. This is important for injectable
and transportable therapeutic products, where controlled concentration, suspension
behaviour, syringeability, storage stability and release profile can influence clinical
usability and product performance [4, 5]. Therefore, crystallisation is not only a tool
for structure determination, but also a potential route to compact, high-concentration
and controlled-release biopharmaceutical formulations [4, 5].

However, the usefulness of protein crystals depends strongly on their size, mor-
phology, optical clarity, internal order and uniformity [6, 7]. Accurate measurement of
crystal size and shape is crucial because it helps identify crystals that are suitable for
harvesting, mounting and X-ray diffraction, while also distinguishing useful crystals
from precipitate, clusters, needles, poorly formed crystals or amorphous material [6, 7].
In production and formulation contexts, crystal size distribution and morphology can
also influence downstream handling, filtration, sedimentation, resuspension, dissolu-
tion behaviour, dose consistency and product quality [4, 8]. Therefore, crystal size and
morphology measurement are directly linked to both structural outcomes and final
clinical or manufacturing performance [4, 6, 8].



Recent advances in high-throughput crystallisation [9-13], automated imaging,
microfocus diffraction and fragment-based screening have greatly increased the num-
ber of crystallisation conditions and images that must be assessed [7, 14]. These
advances would be extremely difficult to implement at scale using manual inspection
alone, because manual scoring is slow, subjective and inconsistent across large image
datasets [7, 14]. Al-assisted image analysis addresses this bottleneck by automatically
detecting crystal hits, scoring crystal quality, measuring crystal size and classify-
ing morphology across thousands of crystallisation trials [14]. Therefore, Al scoring,
crystal-size measurement and morphology classification are enabling technologies that
make modern crystallisation screening faster, more reproducible and more suitable
for translation into controlled structural biology and biopharmaceutical production
workflows [7, 14].

Early work relied primarily on handcrafted image processing techniques such as
edge detection, thresholding, and contour analysis [15]. Although these methods are
computationally efficient, they often fail in the presence of noise, illumination vari-
ability, overlapping crystals, or microscopic artifacts such as air bubbles. Traditional
pipelines frequently merge adjacent crystals or misidentify internal crystal structures,
limiting their reliability in dense crystallization drops. With the emergence of con-
volutional neural networks, object detection models such as YOLOv3 and Faster
R-CNN were adapted for crystallization imaging [16, 17]. YOLO-based methods offer
fast detection but struggle with very small objects, high-density scenes, or the need
for pixel-level delineation. Faster R-CNN improves accuracy but requires substantial
annotated data and is still constrained by its bounding-box output, which prevents
precise measurement of crystal boundaries an essential requirement for accurate size
estimation.

Instance segmentation frameworks have recently demonstrated superior perfor-
mance for biological and microscopic image analysis. Mask R-CNN [18] and its modern
implementations in Detectron2 [31] provide pixel-accurate instance masks and robust
multi-object detection. These models have shown strong performance in tasks involv-
ing small or overlapping structures such as cells, microorganisms, and tissue segments.
However, their application to protein crystal imaging remains limited, largely due to
the scarcity of annotated datasets and the complexity of crystal morphologies. Crystal
classification has historically relied on supervised learning [14], requiring large labeled
datasets, or on domain-specific heuristics based on size, shape, and transparency. More
recent studies have explored unsupervised clustering approaches, such as Gaussian
Mixture Models (GMM) or k-means, to group crystals without predefined labels [19].
These methods are attractive for crystallization experiments, where consistent labeling
is difficult and expert knowledge varies across laboratories.

In 2023, Kardoost et al. introduced a Mask R-CNN-based instance segmentation
approach for detecting intracellular protein crystals in bright-field images, enabling
accurate identification of complex crystal morphologies in living cells [20]. In 2024, the
CHiMP framework developed at Diamond Light Source integrated deep learning tools
for classification, object detection, and segmentation of crystallization micrographs,
using transfer learning to automate high-throughput crystallization workflows [21].
Most recently, in 2025, Subedi and Poitevin implemented a YOLOv8-based real-time



detection system for large crystals at X-ray beamlines, achieving millisecond-level
inference speeds and active beam protection capabilities [22]. These advances high-
light a trend toward high-speed, data-efficient, and instance-level detection methods
that improve scalability and robustness in automated crystallization pipelines. Com-
pared to previous research, our work integrates a fully fine-tuned Detectron2 instance
segmentation model with an unsupervised GMM-based classifier, supported by a cus-
tom annotated dataset and a complete end-to-end pipeline. Table 1 summarizes key
differences between our method and existing approaches.

Recent advances in deep learning particularly instance segmentation frameworks
such as Mask R-CNN have transformed biological image analysis. Detectron2, Face-
book AI Research’s implementation of state-of-the-art detection and segmentation
models, offers multi-instance segmentation, transfer learning, and modular customiza-
tion, making it well-suited for microscopy applications. Leveraging these strengths,
this work fine-tunes a Detectron2 Mask R-CNN R101-FPN model to perform pre-
cise crystal boundary detection and segmentation on a custom microscopic dataset.
Pixel-level masks produced by the model enable accurate measurement of crystal size,
morphology, and spatial distribution capabilities essential for downstream analysis and
high-throughput screening. Beyond detection, researchers often require classification
of crystals into meaningful groups based on morphology, growth stage, or optical char-
acteristics. However, producing labeled datasets for supervised learning is challenging
due to the expertise required and the absence of universally agreed-upon crystal cat-
egories. To address this limitation, we incorporate an unsupervised clustering module
using Gaussian Mixture Models (GMM), trained on feature vectors extracted directly
from the Detectron2 backbone. Dimensionality reduction via Principal Component
Analysis (PCA) ensures computational efficiency and stabilizes the clustering process.

Protein crystals exhibit significant variability in size, shape, and texture. Micro-
scopic images often contain overlapping crystals, heterogeneous illumination, and
artifacts such as air bubbles, debris, and optical distortions. These factors complicate
traditional image processing techniques and general-purpose object detection methods.
Approaches such as YOLOvV3 or classical edge-detection can detect large crystals but
frequently fail under high-density conditions or when crystals are small, faint, or clus-
tered. These limitations underscore the need for algorithms that support fine-grained,
multi-instance segmentation with robustness to noise and variability.

1.1 Our Contributions

1 Construction of a high-quality annotated dataset of microscopic crystal images with
polygon masks suitable for instance segmentation.

2 Development and fine-tune a robust Detectron2 based model that achieves reliable
multi-instance crystal detection, even in challenging conditions with numerous or
small crystals.

3 Design of a complete end-to-end pipeline integrating instance segmentation, feature
extraction, dimensionality reduction, unsupervised classification, and a user-friendly
Gradio interface. For unsupervised crystal categorization, Principal Component
Analysis (PCA) is fitted exclusively on the training feature set and subsequently
applied to the validation and test feature sets, preventing data leakage and ensuring



unbiased evaluation. The reduced feature representations are then clustered using a
Gaussian Mixture Model (GMM). Together, these components provide a scalable,
reproducible, and extensible solution for automated crystallography analysis, with
potential impact on high-throughput experimentation and data-driven structural

biology.

Table 1 Comparison of earlier studies on automated crystal analysis.

Strengths

Limitations

Output Type

Study Methodology
Edge-based Methods Thresholding 4+ edge
(Canny, 1986) [15] detection

YOLOv3-based Detec- Single-stage CNN object

tion [16] detector
Faster R-CNN (2019) Two-stage region pro-
[17] posal network

Mask R-CNN [18] Instance  segmentation

via pixel masks
GMM Gaussian mixture mod-

eling + PCA

Unsupervised
Clustering [19]
Mask R-CNN

instance

In-cellulo Mask R-CNN

[20] segmentation on bright-
field microscopy images
CHIiMP [21] Transfer-learning

pipeline  for  classifi-
cation, detection and
segmentation
YOLOv8 Beamline Pro- Real-time object detec-
tection [22] tion

Our Method (2025) Fine-tuned Detectron2
+ PCA + GMM classi-

fier

Fast, simple, low compu-

tational cost

High-speed

Higher accuracy;
feature extraction

Precise boundaries;
multi-instance segmen-
tation

No labels required; sta-

ble clustering
Pixel-accurate
cellular environments

High-throughput

automation; suitable for

beamline workflows

Millisecond inference;
integrates with safety
systems

Accurate multi-instance
segmentation; robust to
noise; automated crystal

categorization

detection;
robust for large crystals

good

crystal
segmentation in complex

Fails on small crys-
tals;  sensitive to
noise

Fails in high-density
images; no segmenta-
tion

Bounding-box only;
slow on microscopy
images

Requires large anno-
tated datasets; com-
putationally heavy
Sensitive to feature
quality; no detection

ability
Requires  extensive
annotations and

domain-specific tun-
ing
Deployment-specific;
maintenance and
integration overhead

May miss small or
overlapping crystals;
no segmentation
Requires annotations
and GPU resources

Binary contours

Bounding boxes

Bounding boxes

Instance masks

Cluster labels

Instance masks

Masks, labels

Bounding boxes

Masks, labels,
size metrics

2 Methodology
2.1 Experimental Setup

A focused ultrasound (FU) transducer operating at 692 kHz was employed to induce
lysozyme crystallisation under continuous-flow conditions. The lysozyme solution was
continuously pumped through a capillary positioned within the focal region of the
ultrasound field. The localised acoustic energy generated by the transducer facilitated
crystal nucleation and subsequent growth. The resulting crystal suspension was col-
lected at the capillary [23, 24] outlet in a vial. At regular intervals, aliquots were
transferred onto a glass microscope slide and imaged using an inverted Leica DMi8



microscope (Leica Microsystems, Wetzlar, Germany) equipped with a 20x objective
lens shown in Fig. 1. Images were acquired every minute to monitor crystal nucleation,
growth kinetics, morphology, and crystal size distribution throughout the crystallisa-
tion process. The acquired microscopic images were subsequently used for Al-based
crystal segmentation and particle size analysis.

Fig. 1 Experimental setup showing example of microscope imaging arrangement.

2.2 Dataset Acquisition and Annotation

The dataset used in this study was curated specifically for this project and consists of
1,860 microscopic images. Each image contains between zero and approximately sixty
protein crystals of varying sizes. The images are presented in two formats: a standard
rectangular layout and a circular microscope view, as illustrated in Fig. 2. Following
quality control, 632 low-quality images were removed, yielding a final curated dataset
of 1,228 images. A subset of 382 images was manually annotated using the LabelMe
tool [15]. Each annotated image includes the original input along with corresponding
polygon-based segmentation masks representing individual protein crystals. This anno-
tated subset was divided into training and test sets for the instance segmentation task.
Additionally, smaller annotated subsets were used during preliminary experiments
to evaluate model performance under limited data conditions. The remaining non-
annotated images were utilized for the unsupervised classification task. These images



were organized into separate training and testing subsets to support feature extrac-
tion and clustering without manual labels. The dataset was structured to support two
primary tasks: (1) Instance segmentation for protein crystal detection using polygon
mask annotations. (2) Unsupervised classification using non-annotated images. Table 2
summarizes the dataset composition. The train_detect and test_detect subsets consist
of annotated images used for training and evaluating instance segmentation models.
The train_classif and test_classif subsets comprise non-annotated images used in the
unsupervised classification pipeline for feature extraction and evaluation.

Fig. 2 Representative dataset samples (rectangular and circular microscope views).

Table 2 Dataset partitioning used for detection and
classification tasks.

Task Training Images Testing Images
Detection 237 145
Classification 676 170




2.3 Proposed Detectron2 - GMM Framework

The proposed crystal analysis framework adopts a modular, multi-stage pipeline
integrating dataset preparation, instance segmentation, feature extraction, and unsu-
pervised classification. An overview of the system architecture is presented in
Fig. 3.

Pipeline Architecture
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>
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* Output: pixel-level masks & bounding boxes
Feature Extraction

* P3 layer features for er: each crystal
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Fig. 3 Architecture of the proposed Detectron2-GMM framework for automated protein crystal
detection, segmentation, feature extraction, and unsupervised classification.

2.4 Baseline Detection Approaches
Prior to adopting a deep learning based solution, two baseline methods were evaluated:

® YOLOv3-based detection: This single-stage object detector provides high
inference speed and computational efficiency. However, it demonstrated limited per-
formance in high-density scenarios (i.e., images containing more than 40 crystals),
typically detecting only around 30 instances.

® Classical image processing: A contour-based detection pipeline using Canny
edge detection followed by morphological dilation was implemented. While effective
for simpler cases, this approach frequently merged adjacent crystals or fragmented
individual crystals due to internal texture variations.



The limitations of these methods, particularly in high-density conditions and in the
presence of heterogeneous image artifacts, motivated the adoption of a more robust
instance segmentation framework capable of fine-grained, pixel-level delineation.

2.5 Detectron2 Based Instance Segmentation

The core component of the proposed architecture is a fine-tuned Detectron2 Mask
R-CNN model with a ResNet-101 backbone and Feature Pyramid Network (FPN).
This configuration was selected for its ability to produce pixel-accurate, multi-instance
segmentation masks, which is essential for precise crystal boundary delineation in high-
density microscopy images. For image preprocessing, the pipeline follows standard
Detectron2 settings, including image resizing (short side = 800 px, maximum side =
1333 px), ImageNet-based normalization, and conversion to tensor format.

For training, the model was initialized using COCO-pretrained weights and opti-
mized based on Detectron2 configuration parameters. The training process employed a
batch size of four images (IMS_PER BATCH = 4) and a base learning rate of 2.5 x 1074,
Training was conducted for 1000 iterations without learning rate decay. The Region
of Interest (ROI) head was configured with a batch size of 512 proposals per image
to ensure effective instance-level learning. As the task focuses exclusively on protein
crystals, the model was trained on a single class, enabling specialized optimization for
crystal detection and segmentation. The trained model achieved an average Dice
score of 0.90 on the test set (minimum: 0.82, maximum: 0.94). It demonstrated
robust performance in detecting numerous small crystals and effectively reduced false
positives caused by artifacts such as air bubbles.

2.6 Feature Extraction and Unsupervised Classification

For classification, feature maps from the P3 level of the Detectron2 backbone were
extracted for each detected crystal instance. These high-dimensional embeddings cap-
ture relevant shape, texture, and structural characteristics of the crystals. To reduce
dimensionality, Principal Component Analysis (PCA) was applied to compress the
feature vectors to 64 dimensions while preserving the most informative variance. The
reduced feature representations were subsequently clustered using a Gaussian Mixture
Model (GMM) with four components. This approach provides the following advan-
tages: Consistent cluster assignments across all images, Elimination of the need for
manual labeling, Improved interpretability through analysis of cluster weights. The
resulting clusters revealed a dominant group corresponding to small crystals, reflect-
ing their prevalence within the dataset. Overall, this component forms part of an
integrated and scalable pipeline for automated crystal detection, segmentation, and
classification in microscopy images.

3 Results

This section presents both quantitative and qualitative results of the proposed pipeline
for crystal detection, segmentation, and unsupervised classification. The evaluation is
structured into three main components:



® Baseline performance: Analysis of the limitations observed with classical image
processing methods and YOLOv3-based detection approaches.

¢ Instance segmentation: Evaluation of the fine-tuned Detectron2 Mask R-CNN
model on the annotated dataset, including accuracy metrics and robustness under
high-density crystal conditions.

e Unsupervised classification: Analysis of clustering behavior using the Gaus-
sian Mixture Model (GMM) applied to feature embeddings extracted from the
Detectron2 backbone.

3.1 Baseline Performance

Two baseline methods YOLOv3 and classical image processing were evaluated to
establish reference performance prior to adopting an instance segmentation approach.
YOLOv3 Detection Performance: The YOLOv3 detector demonstrated high
inference speed and computational efficiency. However, it failed to generalize effec-
tively to high-density microscopy scenes. As illustrated in Fig. 4, images containing
more than 40 crystals were poorly detected, with YOLOv3 identifying at most approx-
imately 30 instances. Small crystals were frequently missed, and overlapping bounding
boxes in dense regions resulted in merged detections of multiple crystals. These limi-
tations indicate that YOLOV3 is not well suited for precise crystal analysis, primarily
due to its reliance on bounding-box-based predictions and its sensitivity to object scale
variation.

Classical Image Processing: The contour-based method produced acceptable
results only for simple images containing large, well-isolated crystals. In dense or
noisy microscopy scenes, the pipeline generated false contours within crystals, merged
adjacent crystals, and fragmented individual crystals into multiple components, as
illustrated in Fig. 5. These limitations render the classical approach unsuitable for
reliable crystal quantification and further reinforce the need for a deep learning—based
segmentation framework.
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Fig. 4 Detected crystals using YOLOv3

Fig. 5 Crystal detection results after shape detection-based image preprocessing.On (a) Crystal
image after preprocessing for shape detection (b) Visualization of crystal detection

3.2 Detectron2-Based Detection and Segmentation

Quantitative Evaluation: The fine-tuned Mask R-CNN (R101-FPN) model was
evaluated on a 145-image test set using the Dice Similarity Coefficient (DSC). The
segmentation performance was quantified using the Dice Similarity Coefficient (DSC),

21PN G

DSC = ———.
[Pl + 1G]

(1)
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where P and G denote the predicted and ground-truth masks, respectively. An average
DSC of 0.90 was achieved after expanding the annotated dataset to 382 images. The
key performance metrics are summarized as follows: Average Dice score 0.90 Minimum
Dice score 0.82, Maximum Dice score 0.94, False positives: significantly reduced, with
minimal detections of artifacts such as bubbles and background noise. The strong
segmentation performance can be attributed to the Mask R-CNN objective function,

L= Lcls + Lboz + Lmask7 (2)

where L. is the classification loss, Ly, is the bounding-box regression loss, and
Lynask is the pixel-wise segmentation loss. The inclusion of the mask prediction term
enables precise crystal boundary estimation, which explains the improved performance
compared with bounding-box-only detectors such as YOLOv3.

These results demonstrate that the model accurately identifies individual crystals,
including small and overlapping instances, as shown in Fig. 6. Unlike the baseline meth-
ods, the instance segmentation approach produces precise per-crystal masks, enabling
reliable downstream analysis of crystal size and morphology.

Qualitative Evaluation: As illustrated in Fig. 6, the fine-tuned Detectron2
model reliably segments dozens of crystals within a single image with minimal over-
or under-segmentation. Notably, the model demonstrates the ability to: Distinguish
between crystals that are touching or partially overlapping, Avoid misinterpreting
internal crystal textures as separate objects, Suppress false positives from air bubbles
and surface artifacts (see Fig. 7), Maintain consistent segmentation quality across both
rectangular and circular microscope views. This robustness highlights the suitability
of Detectron2 for high-throughput crystallization screening and reliable downstream
quantitative analysis.

Fig. 6 Crystal detection results using Detectron2
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Fig. 7 Crystal detection using Detectron2 avoiding bubbles false positives

3.3 Unsupervised Classification Results
Cluster Distribution: Prior to clustering, dimensionality reduction was performed
using Principal Component Analysis (PCA),

z=W'(x—p), (3)

where x is the original feature vector extracted from the Detectron2 backbone, p is
the mean feature vector, and W contains the principal eigenvectors.

Gaussian Mixture Model (GMM) clustering was applied to PCA-reduced feature
embeddings extracted from the Detectron2 backbone (P3 layer). The reduced feature
space was modelled using a Gaussian Mixture Model,

K
p(z) =Y TN (2 | g, T, (4)
k=1

where 7, represents the mixture weight and A/(+) denotes a Gaussian component. Four
clusters were identified with the following learned weights:

Cluster Weights = [0.5926, 0.1650, 0.2252, 0.0172].

The dominant cluster corresponds to small crystals, reflecting their overrepresentation
in the dataset due to the prevalence of images containing numerous small instances.
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Qualitative Interpretation: Visual inspection of the cluster assignments indicates
that the GMM clusters correspond to distinct crystal morphologies, including: Size
(e.g., small, medium, and large), Shape (e.g., rounded versus sharp-edged), Texture
(e.g., translucent versus high-contrast). These correlations emerge without the use of
manual labels, demonstrating that the feature embeddings extracted from Detectron2
capture meaningful morphological characteristics, despite the model being trained
solely for segmentation.

3.4 Automated Crystal Analysis Outputs

The proposed Detectron2-GMM framework generates two complementary outputs to
support both qualitative and quantitative crystal analysis:

® Annotated microscopy image: Instance segmentation masks are superim-
posed on the original image, with each detected crystal assigned a corresponding
cluster label. This visualization enables rapid assessment of crystal localisation,
morphology, and classification outcomes.

® Structured quantitative report: An automatically generated spreadsheet pro-
vides crystal-level measurements, including: Pixel area, Calibrated area (um?),
Assigned unsupervised cluster label.

These outputs facilitate both visual inspection and quantitative analysis of crystal pop-
ulations. The generated measurements can be used for downstream studies of crystal
growth dynamics, size distributions, and morphological variability. To support prac-
tical deployment, the complete workflow is integrated into a Gradio-based graphical
user interface. Users can analyse individual microscopy images or batches of images
through a simple web interface, automatically obtaining segmentation results, crystal
measurements, and cluster assignments with minimal user intervention. The combi-
nation of automated segmentation, quantitative feature extraction, and unsupervised
classification provides an end-to-end solution for high-throughput crystal analysis.
The results demonstrate that the proposed framework is capable of delivering accu-
rate, interpretable, and reproducible outputs suitable for crystallisation screening and
laboratory-scale microscopy workflows.

4 Pipeline Implementation

The proposed Detectron2-GMM framework was implemented in Google Colab and
deployed through a Gradio-based web interface (Fig. 8) [25]. The system supports
the analysis of both single microscopy images and image batches, providing an acces-
sible platform for automated crystal analysis. Upon submission of an input image,
the pipeline sequentially performs crystal detection, instance segmentation, feature
extraction, dimensionality reduction, and unsupervised classification. The generated
outputs include: A visualisation of detected crystals with segmentation masks and
cluster assignments superimposed on the original microscopy image (Figs. 6 and 7). A
structured spreadsheet containing quantitative measurements for each detected crys-
tal, including size, calibrated area, and assigned cluster label (Table 3). Crystal size
estimates calculated using the pixel-to-micrometre conversion factors presented in
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Table 4. The web-based interface enables non-expert users to perform high-throughput
crystal analysis without requiring knowledge of machine learning or image process-
ing techniques. By combining instance segmentation, quantitative measurement, and
unsupervised classification within a single workflow, the implementation facilitates
rapid and reproducible analysis of protein crystallisation experiments.

Table 3 Example crystal-level measurements generated by
the proposed framework.

Crystal Area (pixels?) Area (um?) Class
Crystal 001 17,421 2,073.099 C
Crystal 002 12,486 1,485.834 C
Crystal 003 10,653 1,267.707 (@]
Crystal 004 12,525 1,490.475 C

Table 4 Calibration factors used to convert pixel-based
measurements into physical crystal dimensions.

Image Type Calibration Factor (um/pixel)
Rectangular Images 0.119
Round Images 3.19

Crystal - detect kTR

Al-powered mineral analysis

&b

Drop your crystal image here
Supports PNG, JPG, DNG, TIFF « max 50 MB

& Choose file
-—

O Uploading... (<]

ﬁ crystal_scan_01.png
2.4MB

Fig. 8 Gradio-based web interface for crystal image detection and classification.
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The overall workflow is illustrated in Fig. 3. Upon execution, the Google Colab
script automatically downloads the pretrained Detectron2 and GIMM models, along
with the custom aicrystalmetrics package developed for this study. This package
provides utility functions for crystal analysis. The script then configures the Detec-
tron2 and Gradio environments. Users can upload either individual images or a ZIP
archive containing two folders: crystal images and time images.

4.1 Analysis of Crystal Classification Results

This section presents a comprehensive breakdown of the results obtained from the
crystal shape classification pipeline. The analysis encompasses data from both the
training/validation datasets and the final detection results, providing a multi-faceted
view of the model’s performance and the physical characteristics of the crystals under
investigation.

4.1.1 Classification and Shape Distribution

The primary classification of crystal shapes was performed on a variety of images. The
results, summarized in Table 5, show a clear categorization into two distinct types
based on pixel area, which is directly correlated to the physical size (in mm?2). The
majority of the samples from the training and validation sets were classified as Type
A (Small crystals).

Table 5 Summary of crystal classification results from the shape_classification results.csv file.

Mask Image Pixels Area (mm?) Classification

mask_red_20_cry_jpg.rf... 921600 23.04 Type A (Small crystals)
mask_red_sample130_jpg.rf... 65536 1.6384 Type A (Small crystals)
mask_red_samplel73_jpg.rf... 65536 1.6384 Type A (Small crystals)
mask_red_128_cry_jpg.rf... 921600 23.04 Type A (Small crystals)
mask _red_23_cry_jpg.rf... 921600 23.04 Type A (Small crystals)

A more granular analysis of the shape distribution was performed on a series of
processed images. Figures 9 and 10 illustrate the frequency of detected shapes against
their area in pixels2. The histograms reveal a characteristic distribution where the
number of detected shapes peaks at very small areas and decreases exponentially
as the area increases. For instance, Figure 9 shows over 250 shapes detected in the
smallest area bin, with the count dropping to near zero for areas exceeding 6000 px2.
This distribution is a strong indicator that the crystal population is predominantly
composed of numerous small fragments or individual small crystals, which aligns with
the ”Small crystals” classification.
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Fig. 9 Shape area distribution for the initial input image. Histograms of shape area distributions
(in pixels?). The high frequency of small areas confirms the prevalence of Type A (Small) crystals.
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Fig. 10 Shape area distribution for a cropped section
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4.1.2 Morphological Analysis of Detected Crystals

To further characterize the detected crystals, geometric and morphological features
were extracted from each segmentation mask. These features included area, perimeter,
circularity, aspect ratio, extent, and solidity. Representative examples are presented
in Table 6. Together, these descriptors provide a quantitative representation of crystal
morphology and enable comparison of crystal habits across the dataset. Circularity and
solidity were found to be particularly informative for distinguishing compact crystals
from elongated or irregular structures.

Table 6 Sample geometric features extracted from detected contours in a processed image.

Contour ID Area Perimeter Circularity Aspect Ratio Extent Solidity

12 11.5 117.15 0.011 2.94 0.015 0.048
16 17.5 141.92 0.011 0.91 0.036 0.091
20 27.0 156.31 0.014 1.48 0.022 0.076
38 18.5 33.21 0.211 1.43 0.264 0.561
73 664.5 759.56 0.014 0.93 0.081 0.137

For example, contour ID 38 exhibits relatively high circularity (0.211) and solidity
(0.561), indicating a compact and well-defined morphology. In contrast, contour ID
12 shows a low circularity (0.011) and high aspect ratio (2.94), suggesting an elon-
gated and irregular crystal structure. Similarly, contour ID 73 possesses a substantially
larger area and perimeter than the remaining examples, reflecting the presence of
larger crystal aggregates within the sample. The extracted geometric descriptors pro-
vide complementary information to the segmentation results and facilitate quantitative
assessment of crystal morphology. Such measurements are valuable for distinguishing
different crystal habits, including equant, acicular, and tabular forms, and may sup-
port future investigations of crystallisation kinetics, crystal growth mechanisms, and
process optimisation.

Figures 11-13 illustrate representative distributions of crystal areas and contour
characteristics. The predominance of small-area contours observed across the analysed
samples is consistent with the GMM cluster distribution reported in Section 3, where
the largest cluster corresponded primarily to small crystal instances. This agreement
between geometric measurements and feature-based clustering provides additional
evidence that the proposed framework captures meaningful morphological variation
within the crystal population.
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Fig. 13 Detailed Contour and distribution analysis for a segmented region.
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4.1.3 Final Detection Results and Physical Scale

The culmination of the pipeline is the application of the trained model to new images,
generating crystal masks and classifying the detected crystals. The results, detailed in
Table 7, demonstrate the model’s ability to segment and classify crystals from various
input types. A key parameter here is the ‘scale‘ (0.005 mm/pixel), which allows for
accurate physical area calculation.

Table 7 Final detection results for representative input images, including pixel count, estimated
physical area, scaling factor, and predicted shape type.

Image Pixels Area (mm2) Scale (mm/pixel) Shape Type

obj_input.jpg-5.jpg 27552 137.76 0.005 Type A (Small crystals)
image_0006_mask_1.png 13307 66.535 0.005 Type A (Small crystals)
input.jpg 2073600 10368.0 0.005 Type C (Large crystals)
obj_input.jpg-18.jpg 14384 71.92 0.005 Type A (Small crystals)
exemple_lereApproche.png 1387540 6937.7 0.005 Type C (Large crystals)

The results in Table 7 are particularly insightful. While the model correctly
classifies most images, ?Type A (Small crystals)”, "Type C (Large crystals)”. This
distinction is based on the total area of the detected crystal mass. The visualizations
of these results, shown in Figures 14 and 15, provide a clear visual confirmation of the
model’s classification decisions. The overlaid masks (in red) show the precise region
identified as a crystal by the model.

Original Image

Crystal Mask

Results:

Pixels: 27552

Area: 137.7600 mm?

Scale: 0.005 mm/pixel

Type: Type A (Small crystals)

Fig. 14 crystal detection and classification result for Type A (Small crystals).
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Pixels: 13307
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Scale: 0.005 mm/pixel
Type: Type A (Small crystals)

Fig. 15 Detection result for Type A (Small crystals).

In summary, the results demonstrate the successful application of an image pro-
cessing and classification pipeline. The model effectively distinguishes between ”Small”
and ”Large” crystal types based on pixel area, and the detailed geometric analy-
sis provides a rich dataset for further study into crystal morphology and growth
conditions.

4.2 Human-in-the-Loop Validation

In addition to the quantitative metrics reported above, a human-in-the-loop val-
idation study was conducted to assess the practical reliability of the proposed
Detectron2-GMM framework. A subset of 50 randomly selected test images containing
approximately 1,200 crystal instances was independently reviewed by an expert evalu-
ator. The evaluator assessed four aspects of the pipeline outputs: Crystal localisation
accuracy, Boundary delineation quality, Artifact rejection performance, Consistency
of unsupervised cluster assignments. The segmentation masks generated by Detec-
tron2 showed strong agreement with expert assessment, with 92% of crystal instances
judged to have accurate boundary delineation. False-positive detections accounted for
fewer than 5% of reviewed objects and were primarily associated with highly irreg-
ular image regions. For the clustering stage, 88% of reviewed crystal instances were
assigned to clusters that exhibited visually consistent morphological characteristics in
terms of size, texture and shape. The dominant disagreement occurred between neigh-
bouring size categories, particularly for medium-sized crystals located near cluster
boundaries. These observations demonstrate that the features extracted by Detec-
tron2 contain meaningful morphological information and support reliable downstream
classification. The agreement between automated analysis and expert assessment pro-
vides additional confidence in the practical applicability of the proposed framework
for high-throughput crystallisation studies.
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5 Conclusion

This work presents a complete pipeline for automated crystal detection, segmentation,
and unsupervised classification from microscopy images. Starting with a newly con-
structed dataset of 1,860 images, including 382 manually annotated samples, baseline
methods were evaluated and their limitations in high-density crystal environments
were identified. Classical image processing approaches were found to be highly sensitive
to noise and crystal proximity, while the YOLOv3 baseline demonstrated insufficient
detection performance for numerous or small crystals.

To address these challenges, a Mask R-CNN (R101-FPN) model was fine-tuned
using Detectron2 to enable precise multi-instance segmentation. The model achieved
an average Dice score of 0.90 on the test set and demonstrated strong robustness
to variations in crystal density, size, and imaging artifacts such as air bubbles.
The resulting instance masks provide reliable geometric information for downstream
quantitative analysis. Building on these segmentation outputs, an unsupervised classi-
fication framework was implemented using a Gaussian Mixture Model (GMM) trained
on PCA-reduced feature embeddings extracted from Detectron2. The GMM suc-
cessfully grouped crystals into coherent morphological clusters, revealing size- and
texture-dependent patterns without requiring manual labels. This result demonstrates
that Detectron2 feature representations encode meaningful structural information
beyond boundary delineation.

Finally, the entire workflow was integrated into a user-friendly interface capa-
ble of processing individual images and image batches, producing instance-level
masks, cluster assignments, and quantitative size measurements. The proposed sys-
tem offers a practical and scalable solution for high-throughput microscopy analysis.
Future work will focus on extending the framework to temporal modeling using
image sequences, domain adaptation across diverse imaging modalities, and hybrid
supervised—unsupervised approaches to improve classification consistency. Additional
extensions include applications such as crystal growth monitoring and automated
quality assessment.

6 Future Work

Future research will focus on extending the proposed pipeline in several directions.
First, temporal modeling will be explored to analyze sequences of crystallization
images for applications such as growth-rate prediction and nucleation event detection.
Second, domain adaptation techniques will be investigated to improve the general-
ization of the framework across diverse imaging modalities, including polarized light
and X-ray micrographs. To further reduce annotation requirements, hybrid learning
strategies combining supervised and unsupervised approaches will be considered, along
with self-supervised and semi-supervised methods based on contrastive learning and
synthetic data augmentation.

In addition, the integration of foundation models such as Segment Anything
Model 2 (SAM2) will be explored to enhance segmentation performance and reduce
dependency on large annotated datasets. Such models may enable more flexible and
generalizable instance segmentation, particularly in high-density crystal environments.
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Furthermore, transformer-based architectures and attention mechanisms will be eval-
uated to further improve segmentation accuracy and robustness. Finally, integration
with downstream applications will be prioritized, including diffraction quality scoring,
automated hit selection, and real-time deployment in high-throughput crystallization
platforms, with the aim of improving scalability and practical applicability.
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