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ndation model for automated 2D
material flake detection

Jan-Lucas Uslu, *ab Alexey Nekrasov,b Alexander Hermans, b

Bernd Beschoten, a Bastian Leibe, b Lutz Waldecker a

and Christoph Stampfer ac

The detection and classification of exfoliated two-dimensional (2D) material flakes from optical microscope

images can be automated using computer vision algorithms. This has the potential to increase the

accuracy and objectivity of classification and the efficiency of sample fabrication, and it allows for large-

scale data collection. Existing algorithms often exhibit challenges in identifying low-contrast materials and

typically require large amounts of training data. Here, we present a deep learning model, called MaskTerial,

that uses an instance segmentation network to reliably identify 2D material flakes. The model is extensively

pre-trained using a synthetic data generator that generates realistic microscopy images from unlabeled

data. This results in a model that can quickly adapt to new materials with as little as 5 to 10 images.

Furthermore, an uncertainty estimation model is used to finally classify the predictions based on optical

contrast. We evaluate our method on eight different datasets comprising five different 2D materials and

demonstrate significant improvements over existing techniques in the detection of low-contrast materials

such as hexagonal boron nitride.
Introduction

The ability to combine different 2Dmaterials into van derWaals
heterostructures has opened up new ways to study fundamental
phenomena in solids,1–6 to tailor material properties7–12 and to
design device structures with improved performance.13–17 In
most research settings, these heterostructures are assembled
from individually exfoliated material akes.18–20 The identica-
tion and selection of suitable 2D material akes for device
fabrication is the rst and an integral part of this process.21 It
has traditionally been performed by researchers who scanned
large pieces of exfoliation substrates using a microscope.

Automating the detection of exfoliated 2D material akes
using computer vision algorithms has the potential to signi-
cantly improve sample preparation efficiency and accelerate the
pace of research.22 For this task, previous work has explored the
use of classical machine learning methods, such as support
vector machines (SVMs) and K-means clustering.23–25 These
methods rely on the discrete nature of the optical contrast
values of 2D materials with respect to the substrate material.26

This discrete nature is a result of their atomic-scale thickness,
where each layer of material corresponds to a single, uniform
atomic plane. Optical contrast variations arise due to
WTH Aachen University, 52074 Aachen,
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44–3752
interference effects, where the interaction of light with the
material and substrate depends on the exact number of these
atomic layers, leading to quantized optical contrasts for each
layer count. However, the performance of current detection
models typically decreases signicantly for materials with low
optical contrast and they are sensitive to variations in substrate
thickness and lighting conditions.21 More recently, deep
learning approaches using neural networks have been
employed to address these limitations.27–30 Although these
methods offer greater versatility, they typically require large
amounts of labeled training data, which can be impractical to
obtain in a research setting, especially if the yield of exfoliated
materials is low.

Recently, the emergence of foundation models in articial
intelligence has transformed numerous elds by providing pre-
trained models that can be ne-tuned for diverse tasks with
minimal labeled data.31 Foundation models, such as GPTs32 for
language and vision transformers33 (ViTs) for image processing,
leverage extensive pre-training on large and diverse datasets,
enabling them to generalize across domains with limited
additional training. These models are oen trained on large-
scale datasets using self-supervised or unsupervised learning
techniques, allowing them to capture broad representations of
data. This versatility makes them particularly powerful for tasks
where labeled data is scarce or hard to obtain, as they can
transfer learned features effectively to new domains.

The success of foundation models in other domains inspires
the potential for similar advancements in 2D material ake
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 MaskTerial uses a two step approach to train a robust foun-
dation model for 2D material flake detection. (a) The segmentation
model is pre-trained on a large corpus of synthetic data of multiple to
learn a good internal representation of the data. The synthetic data
contains no information about the material type or thickness of the
flakes. This results in a material and class agnostic pre-trained foun-
dationmodel. During this step, both the backbone and the decoder are
trained. (b) After pre-training, a small number of images is used to fine-
tune the classification model and the decoder of the foundation
model. The classification model can be either the new arbitrary
mixture model or any existing Gaussian mixture model from ref. 21.

Fig. 2 MaskTerial consists of two models: an instance segmentation
model and a classificationmodel. First, the input image is processed by
the instance segmentation model returning a set of possible flakes
without classifying their thickness class. If possible flakes are found, the
image is projected into the contrast space representation following
themethod described in ref. 21. Afterwards, themasks of the predicted
instances are used to extract the contrast values from the transformed
image for each of the instances. These are then classified by the
classification model to generate probability distributions over the
classes of the flakes. The mode of these distributions is used to classify
each instance, yielding the final predicted flakes with thickness classes.
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detection. By leveraging pre-trained models and domain-specic
ne-tuning, foundation models can address key limitations such
as the need for large labeled datasets and the challenges posed by
low-contrast materials. Building on these principles, we propose
a tailored approach to tackle the specic challenges of 2D
material ake detection. First, we introduce a deep learning
architecture that combines a modied Mask2Former34 model for
instance segmentation with a physics-informed uncertainty
estimation head based on the deep deterministic uncertainty
(DDU) method.35 This architecture allows for robust detection
and classication of 2D material akes, even for low-contrast
materials such as thin hexagonal boron nitride (hBN). Second,
we propose a synthetic data generation pipeline using physical
simulations in conjunction with unlabeled data to address the
lack of large amounts of labeled data.We show that extensive pre-
training of ourmodel using synthetic data (see Fig. 1a) allows it to
be ne-tuned with as few as 5 to 10 microscope images per
material (see Fig. 1b). Finally, we present eight different datasets
covering ve different 2D materials used for training and evalu-
ation to validate the performance of our models.
Model architecture

The MaskTerial architecture combines two deep learning models.
The rst model, the instance prediction model (Fig. 2 – Mask2-
Former), predicts all akes of interest in the image, regardless of
the actual class of the predicted ake. The second model (Fig. 2 –

arbitrary mixture model) then takes all the predicted interesting
akes and assigns them classes based on their contrasts, i.e.
© 2025 The Author(s). Published by the Royal Society of Chemistry
monolayer, bilayer, etc. This separation of instance prediction and
class prediction has the benet that, when adding new materials,
only the latter model needs to be retrained.
Instance prediction model

The instance prediction model is based on the Mask2Former34

architecture (see Fig. 2). It works by rst extracting feature
representations from the input image using a ResNet50 (ref. 36)
backbone. Aerwards, the extracted feature representations are
gradually upscaled by a pixel decoder (PD). During upscaling,
the features are sequentially fed into the transformer decoder
(TD) at multiple levels.

A unique aspect of Mask2Former is its use of learnable query
embeddings, introduced by the DETR37 architecture. We train
these queries to act as proxies for potential object instances or
specic semantic categories within the image. During the
decoding process, these queries interact with the encoded
image features via cross-attention mechanisms within the TD
contextualizing the queries. These contextualized queries are
then used to generate segmentation masks of each object by
computing the dot product between them and the nal feature
Digital Discovery, 2025, 4, 3744–3752 | 3745
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Fig. 3 The arbitrary mixture model (AMM) works by projecting an input distributions onto a distribution of Gaussians. This is achieved by combining
a ResNet with spectral normalization techniques. The combination of regularization and residual connections allows the training process to be
supervised using a straightforward softmax function and standard cross-entropy loss. After training, a Gaussian is fitted to the embedding represen-
tations of each class. During inference, the embedding representations of the input data are evaluated against the learned Gaussians from training to
determine class conditional posteriors and thus the probability that any given input contrast belongs to a given thickness class.
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representation from the PD. In our case, the segmentation does
not classify the instance by layer count, such as monolayer or
multilayer; instead, it only identies interesting objects (i.e.
a 2D material ake). This improves the detection accuracy for
downstream tasks (see Table 2).
Classication model

The second component of MaskTerial is the arbitrary mixture
model (AMM), which assigns layer thicknesses to optical contrasts
of the akes. As discussed in our previous work,21 variations in the
oxide thickness in the Si/SiO2 wafers, used to exfoliate the 2D
material akes, lead to non-trivial distributions of these contrasts
(see Fig. 3 – input contrast distribution), making them difficult to
t and the detection unreliable. To counteract this, we propose
a model which learns a regularized mapping of arbitrary class
distributions in the optical contrast space to Gaussians, solving the
problem of non-trivial distributions while preserving the inter-
pretability of the contrast distributions (see Fig. 3 – projected
contrast distribution). To achieve this, we use an approach for
uncertainty estimation in deep learning proposed by Mukhoti
et al.,35 who introduced the deep deterministic uncertainty (DDU)
method. It addresses the limitations of traditional probabilistic
models, such as Bayesian neural networks, which can be compu-
tationally expensive and difficult to train.38

They proposed to use a combination of spectral normaliza-
tion and residual connections to constrain the model to learn
a smooth and locally linear embedding space. Spectral
normalization works by constraining the eigenvalues of each
weight matrix by dividing them by their largest eigenvalue
during each training step.39 Residual connections allow the
network to learn perturbations around the identity function,
which has been shown to improve the stability and convergence
of deep networks.36 Together, these two methods impose a bi-
Lipschitz constraint on the model, leading to a robust and
sensitive embedding space while preventing feature collapse to
a single point.35,39,40

During inference, the class probabilities are computed by
evaluating the probability density function of each class-
3746 | Digital Discovery, 2025, 4, 3744–3752
conditional Gaussian at the embedding space coordinates of
the input feature, giving a probability of the instance belonging
to any given class.

The ability to interpret the resulting distributions is an
important aspect of training the model in this way. Unlike
typical deep learning models that learn arbitrary functions
minimizing some objective function, the model can provide
uncertainty estimates based on a regularized projection to class-
conditional Gaussians.

Synthetic data generation

Effective training of deep learningmodels requires a large amount
of labeled data to ensure that the model accurately captures the
underlying data distribution.41However, collecting and annotating
real-world data is oen challenging and time consuming. To
address this issue, we developed a synthetic data generation
engine that incorporates physical knowledge and simulations to
generate images that closely resemble real-world microscopy
images to pre-train the segmentation model.

The image generation process has two main phases, a shape
mining phase in which we extract plausible ake shapes from
a dataset of unlabeled images (Fig. 4a), and a generation phase,
in which we use the extracted shapes to generate new images
together with the ground truth masks (Fig. 4b).

We extract shapes from a dataset of around 100 000 unlabeled
images of exfoliated graphite from an internal database. These
unlabeled images where collected in an automated fashion by
exfoliating graphene and scanning the wafers using a motorized
microscope. These unlabeled images are only used for the
synthetic data generation and not annotated to be used as testing
datasets to avoid contamination of the datasets by bleeding
information. Since most commonly used 2D materials have
a hexagonal crystal structure, we assume that the shapes of their
exfoliated akes will generally be similar to those of graphite.

The images are converted to grayscale, and we then apply
a stepped brightness threshold. By setting specic brightness
ranges to one and all other values to zero, we create binary masks
for different brightness levels. We then use a connected
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 The workflow for generating synthetic flake images consists of
two steps. (a) The process begins by mining real flake shapes from a large
unlabeled dataset of exfoliated flake images. This involves first converting
images to grayscale, applying brightness thresholds, finding connected
components in the resulting binary masks, and finally filtering the
detected shapes to keep only high quality flake shapes. (b) The second
step uses the previously mined flake shapes to generate plausible
synthetic images with associated ground truth masks. This is done by first
sampling a set of shapes from themined shapes and scattering themover
an empty placeholder image to create a grayscale ground truth image.
Then, using the optical dispersion relation of the target material and the
setup parameters such as visible light spectrum, camera activation curve,
and substrate thickness, the colors of the material are simulated. Finally,
post-processing, such as adding noise, vignetting and shadows, is applied
to create the final synthetic image.
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components algorithm42 to extract all connected shapes from the
binary masks. Finally, we lter these shapes using an L2 classi-
er.21 In total, 35 000 ake shapes were collected.

In the image generation process (Fig. 4b), we sample
a random number of shapes (ranging from 1 to 500) and
randomly place them on an empty canvas at different angles,
Table 1 We collected eight datasets from five materials to measure the
ations. We chose a 50/50 train test split to better capture the data distri

Dataset Train/test images

Graphene (low) 425/1362
Graphene (medium) 357/325
Graphene (high) 438/480
WSe2 (low) 92/420
WSe2 97/99
hBN 73/62
WS2 53/94
MoSe2 63/97

© 2025 The Author(s). Published by the Royal Society of Chemistry
sizes, positions, and thicknesses, creating a grayscale image
where the pixel values correspond to the number of layers for
any given pixel. When shapes overlap, their layer counts are
added in the overlapping area, creating a grayscale mask.

The color of the akes and the background is approximated
using a simulation based on the transfer-matrix method
(TMM). First, the reectance of each pixel is calculated taking
into account the thickness of the SiO2 layer of the substrate,
the dispersion relation of the material and the thickness of the
pixel considering the grayscale mask. The color is calculated
by integrating the simulated spectral reectance multiplied by
the camera activation curve and the light source spectrum for
each RGB channel.

Finally, the images are post-processed by adding a layer of
random tape residue emulated with simplex noise, random
shadows, a vignetting effect, and Gaussian camera noise to
closely resemble real images.

We generated about 42 000 synthetic images with ground
truth masks each for graphene, chromium triiodide (CrI3),
hBN, tantalum disulde (TaS2), molybdenum diselenide
(MoSe2), tungsten disulde (WS2) and tungsten diselenide
(WSe2), resulting in a total of about 300 000 synthetic images,
which were used for pre-training.
New datasets

To ne-tune and evaluate the model, we collected eight new
datasets from ve different materials. We collected three datasets
for exfoliated graphite and two datasets for WSe2 with different
substrate thicknesses to measure the robustness of the models.
These datasets are the low, medium, and high variance datasets to
denote the range of different substrate thicknesses in the training
and testing sets. The low variance datasets contain images with
substrate thicknesses within ∼5 nm of the ∼90 nm substrate
thicknesses used. Themedium and high variance datasets contain
images with ranges of ∼10 nm and ∼20 nm, respectively. In
addition, we have collected datasets for hBN,MoSe2, andWS2 with
substrate thickness variations of about 10 nm. The training and
test images are from independent exfoliation runs to ensure that
the test images do not bleed into the training images. Table 1 lists
the datasets, the number of images in the train and test sets, and
the number of exfoliation runs in the train and test sets.
performance of the models on different materials and substrate vari-
bution in the test set

Annotated classes Train/test exfoliations

1–4 layers 2/10
1–4 layers 8/9
1–4 layers 10/10
1–3 layers 2/12
1–3 layers 5/5
1–3 layers 2/3
1 layer 2/2
1–2 layers 7/8

Digital Discovery, 2025, 4, 3744–3752 | 3747
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Training
Instance prediction model

The instance prediction model was trained in two stages. First,
we performed extensive pre-training using the 300 000 simu-
lated images on 8 NVIDIA V100 GPUs (see Fig. 1a). We trained
for 90 000 iterations with a batch size of 56 with images cropped
to a resolution of 1024× 1024. We used the AdamW43 optimizer
with a learning rate of 10−4, a weight decay of 5 × 10−2. The
learning rate scheduler we used was a simple linear decay
scheduler. Finally, we enabled gradient clipping throughout the
model and clipped them to 10−2. The pre-training took about 52
hours.

For further ne-tuning, we used the pre-trained instance
prediction model as a base while freezing the parameters of the
backbone (see Fig. 1b). This training was performed on a single
NVIDIA V100 for 500 iterations with a batch size of 24 with
images cropped to a resolution of 512 × 512. We used the same
parameters as for pre-training, except that we changed the
learning rate to 10−5. Using this setup each ne-tune takes
about 5 to 7 minutes. All ne-tuning experiments used the same
hyperparameters and only the real images from mechanical
exfoliation where used for ne-tuning and no synthetic images
where used aer the pre-training step.
Classication model

For training the AMM, we rst extracted contrast values from all
annotated akes to obtain the contrast distribution. To ensure
robust model training, we implemented amulti-stage denoising
Fig. 5 The model has been evaluated on eight different datasets w
outperforms the baseline model from ref. 21 for all training thresholds an
fully trained baseline model with as little as two images per class for all m
images per class for most materials making further training unnecessary

3748 | Digital Discovery, 2025, 4, 3744–3752
pipeline to remove outliers and artifacts that could compromise
classication performance. The denoising process targets three
primary sources of contamination: (i) edge pixels from akes
where mask erosion was insufficient, (ii) imaging artifacts such
as dust particles, and (iii) transition pixels between regions of
different thickness. We used a two-step approach: rst applying
a k-nearest neighbor (k = 25) classier across all classes to
reassign mislabeled points based on their local neighborhood.
This is followed by DBSCAN clustering.44 The DBSCAN algo-
rithm was congured with conservative parameters (3 = 0.1,
min_samples = 10% of class size) to preserve the core distri-
bution structure while removing only clear outliers, thereby
minimizing any impact on downstream classication perfor-
mance. Following denoising, we normalized the contrast
distribution using z-score normalization (zero mean, unit vari-
ance) and applied balanced sampling to ensure equal repre-
sentation across all thickness classes, effectively addressing
class imbalance issues inherent in the dataset.

For training, we used the Adam optimizer45 with a learning
rate of 0.01, a batch size of 10 000, and 5000 iterations with
a dropout probability of 10%. For the loss function, we used the
standard cross entropy. The network used an embedding
dimension of 16, a depth of 4 and a spectral coefficient of 0.5.
Training on a CPU takes about 5 minutes.

Evaluation

We use the Average Precision at 50% IoU (AP50) as the evaluation
metric. The AP50 is the area under the precision–recall curve at
a threshold where the Intersection over Union (IoU) between
hen trained with different amounts of images per class. MaskTerial
d for all materials. An interesting find is that MaskTerial outperforms the
aterials. Furthermore MaskTerial seems to saturate after as little as two
.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 2 The table shows the impact of synthetic pre-training and classification model choice on the average AP50 scores of various model
configurations. The deep learning instance prediction models without synthetic pre-training struggle significantly with detection, as shown by
their low AP50 scores. Although using AMM as the classificationmodel has a smaller impact on the AP50 than pre-training, it contributes to more
stable and consistent results across datasets. The results are averaged across all datasets, with a threshold of 10 images per class

Model Synthetic pre-training Classication model Average AP50

GMM only 7 GMM 40.8 � 15.5
AMM only 7 AMM 43.8 � 12.2
MaskTerial 7 Mask2Former 3.6 � 3.5

7 GMM 2.7 � 2.8
7 AMM 2.5 � 2.4
3 Mask2Former 35.2 � 8.1
3 GMM 66.8 � 10.6
3 AMM 68.9 � 4.9

Fig. 6 Example images of theMaskTerial-AMMmodel's ability to generalize across a wide range of imaging conditions andmaterials as well as its
limitations. (a) Correct prediction of a three-layer flakes under dim lighting conditions. (b) Precise segmentation of flakes in cluttered images. (c) A
flake consisting of multiple thicknesses that is segmented into multiple pieces. It also shows one of the model's limitations, namely its tendency
to group similar classes into a single flake. The two-layer prediction shows that the model grouped instances from one-layer and two-layer
together. (d) For closely clustered flakes, the model tends to group them into a single prediction, whereas multiple cleanly separated instances
are expected. (e) The model has a tendency to miss very small flakes. (f) Demonstration of the model's ability to segment and correctly classify
low-contrast hBN flakes.
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predicted and ground truth boxes is at least 50%. This effectively
measures the models performance in detecting instances of
interest while minimizing false positives and is used as one of the
default metrics when it comes to instance segmentation models.
Themodel was trained with varying numbers of training images to
evaluate its performance and ability to handle few-shot learning
tasks across different materials.

We also provide confusion matrices in the supplementary
information to compare the MaskTerial model with an AMM
head against the GMM from ref. 21 for different condence- and
size thresholds.

Quantitative results

We compare the Mask2Former instance segmentation model
with an AMM classication head (MT-AMM) against the
© 2025 The Author(s). Published by the Royal Society of Chemistry
Gaussianmixture model (GMM) of ref. 21 and theMask2Former
instance segmentation model with a GMM classication head
(MT-GMM). The models were evaluated for both the few-shot
and full-data tasks with our eight datasets. All models were
trained and evaluated ten times in different data subsets to
obtain metrics on their performance (see Fig. 5).

The results show that the MT-AMM and MT-GMM outper-
form the GMM baseline by a large margin of at least 10% on all
datasets and for any number of training examples. The perfor-
mance increase is particularly strong for materials with low
optical contrast, such as thin layers of hBN, and highly varying
substrate thicknesses, with metrics improving by up to 40%.

For almost all materials, we see diminishing returns for the
metrics even with more training examples, indicating that the
model has already learned the distributions from only 2 to 5
Digital Discovery, 2025, 4, 3744–3752 | 3749
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example images. The MT-AMM is particularly strong when in
the low data regime, it outperforms the MT-GMM in this regime
while also providing more stable performance (see Table 2).
When using more data, the MT-GMM starts to match the
performance of the MT-AMM.

Some qualitative results are shown in Fig. 6. The MT-AMM is
able to predict akes in images which are very dark (a), cluttered
(b and e) as well as akes which are stuck together (c and d). The
model is particularly good at detecting very low contrast akes
such as few-layer hBN (f).
Ablations

To determine which contributions most improved the model's
performance, we conducted ablation studies. Specically, we
evaluated the impact of synthetic pre-training and the choice of
classication model (GMM vs. AMM vs. Mask2Former) on the
detection metrics.

Table 2 highlights the effect of these components: models
without synthetic pre-training achieve very low AP50 scores. Having
the Mask2Former model predict the classes itself also reduces
performance, resulting in unstable and inconsistent detection
across datasets. These results show the critical role of synthetic pre-
training and the stability advantage provided by AMM.
Conclusion

In this paper, we have presented a deep learning architecture,
paired with a synthetic data generator, that improves upon existing
algorithms for the detection of 2D material akes in microscopy
images, particularly for materials with low optical contrast (see
Fig. 6f). Our model combines an instance prediction model with
an uncertainty estimation model to make decisions based on
physical features. We have shown that our model signicantly
outperforms current state-of-the-art methods and can be trained
on as few as 5 to 10 images per class in a fewminutes. Furthermore
the model is able to be run on low-end consumer grade GPUs,
such as a Nvidia RTX 3060 Ti, with low inference times of about
z280ms per image for full HD images of resolution 1920 pixels by
1200 pixels. Better High-end GPUs such as the Nvidia RTX 4080
Super are able to push the inference times down to z120 ms per
image.

The strength of our approach is the use of physical inductive
biases in the model architecture. By incorporating physical
knowledge into the decision-making process, our model provides
interpretable predictions that can be validated for further down-
stream processing, such as stacking of different 2D akes into van
der Waals heterostructures. In addition, our few-shot learning
capability allows for the detection of difficult to exfoliate and
detect materials, which is a signicant advancement over existing
methods that require large annotated datasets.

We have also introduced a synthetic data generator that
mimics the true distributions of microscopy images. This
generator allows us to create large datasets for pre-training deep
learning models, reducing the need for extensive data collection
and annotation. Our study shows that pre-training with
synthetic data signicantly improves the performance of our
3750 | Digital Discovery, 2025, 4, 3744–3752
instance detection model, highlighting the potential of this
approach in the 2D materials community.

We also published the code together with implementation
details, demos, guides, training scripts and evaluation scripts to
GitHub,46 so researchers can netune the model to their materials.

Despite the strengths of our approach, there are some limi-
tations to consider. First, the model is less efficient at detecting
small instances with an area less than 200 pixels (see Fig. 6d).
This is a common challenge for deep learning models without
specialized layers and techniques. Second, when predicting
instances that are close together, the model tends to combine
them into a single prediction, leading to instance misclassi-
cation (see Fig. 6c).

In summary, our novel deep learning architecture and synthetic
data generator represent a signicant step forward in the auto-
mated detection of 2D materials in microscopy images. By
exploiting physical inductive biases and few-shot learning capa-
bilities, our models enable the detection of rare materials and
provide interpretable predictions. Although there are some limi-
tations to our approach, we believe that our contributions lay the
foundations for future research in this area and have the potential
to have a major impact on the eld of 2D materials science.
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