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Abstract

Determining lattice parameters in two-dimensional (2D) materials is essential for
materials characterization and discovery. In this work, we propose a deep-learning-driven
pipeline that addresses the regression task of estimating the lattice constants a and
b and the angle γ directly from 2D images using computer vision. We evaluate our
approach on three different 2D material datasets: JARVIS-2D (JV2D) and Compu-
tational 2D Materials Database (C2DB), and a newly created dataset derived from
the Alexandria database. Multiple architectures are compared, including DenseNet121,
Vision Transformers (ViT-L/14) paired with Multi Layer Perceptron (MLP) heads, and
GoogleNet. DenseNet121 achieves accurate performance, with mean absolute errors
as low as 0.18 Å for the Alexandria-based dataset and 0.17 Å for C2DB and 0.59 Å
for JV2D, as well as up to 96 % accuracy in classifying Bravais lattice types for the
Alexandria-based dataset.
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1 Introduction
Two-dimensional (2D) crystalline layers with atomic thickness have emerged as a transfor-
mative class of materials over the past two decades. Notably, the discovery of graphene
demonstrated the remarkable properties of one-atom-thick structures, motivating extensive
exploration of similarly layered crystals such as hexagonal boron nitride (h-BN) and transition
metal dichalcogenides (e.g., MoS2) [1, 2, 3]. Many 2D materials exhibit exceptional char-
acteristics, including high electrical conductivity, unique optical responses, and mechanical
robustness, underscoring their significance for next-generation technologies in optoelectronics,
energy storage, catalysis, and beyond [4, 5].

Accurately determining lattice parameters (i.e., lattice constants and angles) in 2D
materials is crucial for both fundamental studies and applied design. Conventional methods
often involve time-intensive, manual analyses of atomic-scale images obtained through scanning
transmission electron microscopy (STEM) or other atomistic imaging techniques, such as
scanning tunneling microscopy (STM) and atomic force microscopy (AFM) [6]. A few examples
of experimentally recorded STEM images are provided in the supplementary information as
can be seen in Figure S7.

Due to rapid advancements in computer vision [7], automated approaches to analyzing
these images have become increasingly appealing. Microscopy data, whether from experimen-
tal or computational sources, is now more abundant than ever [8, 9, 10, 11, 12, 13, 14, 15,
16, 17, 18, 19, 20, 21, 22, 23]. However, a unified library that centralizes dataset collection,
generation, and data-analytic methods remains in high demand, especially for materials
characterization.

Such libraries would prove invaluable for various microscopy image tasks: classification
[11, 24, 25, 26], pixelwise learning (e.g., semantic segmentation) [27, 28, 29, 30, 31, 32, 33, 34],
object recognition, localization, and super-resolution [35, 36, 37, 38, 39]. Their applicability
also extends to multiple scientific domains such as materials science, condensed matter physics,
and biology [9, 12, 40].

On the computational front, various frameworks exist for simulating STM and STEM
images. STM images can be generated using the Bardeen [41], Tersoff-Hamman [42], or
Chen [43] approaches, produced in constant-height or constant-current modes. High-Angle
Annular Dark-Field (HAADF)-STEM images can be obtained through convolution, Bloch
wave, or multislice approximations [44, 45, 46, 47, 48], with the convolution approximation
being particularly efficient for thin films. Though more computationally demanding, Bloch
wave and multislice methods offer broader generalizability.

Several notable libraries focus on experimental and computational microscopy images,
including abTEM [49], EXtraction, Separation, and Caption-based natural Language An-
notation of IMages [26], AtomAI [50], Prismatic [51], QSTEM [52], and AtomVision: A
machine vision library for atomistic images [53]. Deep learning (DL), especially convolutional
neural networks (CNNs), has become a standard approach for analyzing atomistic image data
[9]. Numerous investigations have applied DL methods to tasks including pixelwise atom
detection in simulated atomic-resolution TEM images of graphene [28] or WS2 [29], dopant
and vacancy identification in STEM images of WSe2 [30], and automatic defect detection
(e.g., dislocations, precipitates, voids) in steel [31]. Ziatdinov et al. [33] also employed DL to
infer surface molecular structures from microscopy data.
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Recent advancements further underscore deep learning’s benefits in various microscopy
contexts. Segment Anything for Microscopy [54] uses vision-transformer models for image
segmentation, while AI-integrated scanning probe microscopy [55] accelerates atomic-level
characterization. Jacobs et al. [56] discussed semantic segmentation methods for detecting
defects in TEM images, and Lobato et al. [57] demonstrated the efficacy of CNNs for
enhancing single-shot electron microscopy images. Deep-learning-based noise filtering has
enabled millisecond-order STEM imaging [58], and real-time defect tracking was showcased in
DefectTrack [59]. Other efforts include automated dislocation loop analysis [60], STM-based
atomic identification [61], and the integration of large vision-language models [62] to extend
microscopy data interpretation. Single-molecule identification in zeolite structures with deep-
learning-enabled STEM [63] further highlights these methods’ versatility. Moreover, large
language models (LLMs) have begun to play a substantial role in automating and unifying
multimodal microscopy datasets [64, 65, 66, 67], with Mandal et al. [68] demonstrating an
LLM-based agent for automating AFM experiments. Lei et al. [67] provided a broader
overview of LLMs’ transformative potential across materials science.

As large-scale, high-resolution data becomes more readily available, there is an increasing
need for automated, robust, and scalable methods to extract structural parameters from the
images, classify lattice types, and predict lattice constants. Recent research [69] has been
done where neural networks have been trained on basic atomic descriptors to classify ABO3
crystal structures and regress lattice constants, reporting 88 % classification accuracy and
strong lattice-parameter regression. One other related study used modified Hirshfeld surface
fingerprints of inorganic crystals as structure-aware inputs to a deep network to predict lattice
parameters of cubic perovskites [70], while another study introduced a composition-only
random forest model with new descriptors to predict a, b, c (and angles) across many space
groups (an R2 close to 0.97 was achieved for cubic crystals) [71].

We propose a deep-learning-based pipeline capable of learning from diverse 2D material
images and accurately predicting key lattice parameters, namely, a, b, and γ. To the best of
our knowledge, similar studies have not been done before and there are no state-of-the-art
models in the literature that perform this task. In our classification task, the labels are the
following: We have label 0 for hexagonal (hp), label 1 for square/tetragonal (tp), label 2 for
rectangle/orthorhombic (op), label 3 for rhombus/centered orthorhombic (oc), and label 4
for parallelogram/monoclinic (mp). Our work aims to streamline the pipeline (as shown in
Figure 1) from raw atomic-scale imaging data to actionable structural insights.

Recent developments in crystal-graph attention neural networks have yielded notable
advances in predicting thermodynamic stability by leveraging high-quality datasets with
balanced chemical and crystal-symmetry coverage [72]. Through a systematic symmetry-
based approach, researchers have also uncovered a vast range of novel binary and ternary
two-dimensional (2D) materials, employing combinatorial engines that populate Wyckoff
positions with chemical elements to generate previously uncharted structures [73]. In another
effort, crystal graph attention models circumvent the need for precise atomic positions by
embedding graph distances, enabling both composition- and prototype-based high-throughput
searches of stable crystal structures [74].

These examples illustrate the critical importance of large-scale, high-quality DFT datasets
for materials-science machine learning. The Computational 2D Materials Database (C2DB)
systematically catalogs electronic, magnetic, optical and structural properties of monolayer
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Figure 1: An overview of our workflow where we trained two Densenet models,
each with 121 layers. One model is for the regression task to predict the lattice
parameters a, b, γ based on the image, and the other Densenet model is trained
to predict the lattice class based on the image. The lattice classes can be
hexagonal (0), square (1), rectangular (2), rhombus (3), parallelogram (4).

materials to identify spintronic and optoelectronic candidates [75, 76], while JARVIS-2D
(JV2D) provides high-throughput DFT data on thousands of 2D monolayers—including
formation energies, band gaps and exfoliation energies—to support screening, benchmarking
and discovery efforts [77, 78, 79, 80].

Similarly, the recently developed “Alexandria” database provides an extensive collec-
tion of DFT calculations for 1D, 2D, and 3D compounds, supporting accurate property
predictions and robust universal interatomic potentials [81]. We extracted a subset of two-
dimensional (2D) materials from the Alexandria database, specifically those computed using
the Perdew–Burke–Ernzerhof (PBE) [82] exchange-correlation functional. This subset was
then converted into simulated scanning transmission electron microscopy (STEM) images
using the JARVIS-Tools [77, 78, 79] codebase. We refer to this collection of images as
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the “Alex-PBE" dataset throughout this paper. To handle the large volume of images, we
employed parallelized data processing techniques, ensuring efficient and consistent image
generation for our experiments.

We apply a DenseNet121 model for both regression and classification tasks on three 2D
materials datasets (JV2D, C2DB, and Alex-PBE). In regression, the model predicts lattice
parameters with promising accuracy (low mean absolute errors) on all three datasets. For
classification, we train on the Alex-PBE dataset and achieve high accuracy overall. This
demonstrates the model’s effectiveness in classifying diverse lattice types and underscores the
potential of deep learning approaches in identifying and characterizing 2D crystal structures.
Our training and inference pipeline is shown in Figure 1. All datasets, code, and trained
models are publicly available to facilitate reproducibility and future research.

2 Results and Discussion

2.1 Dataset generation and curation

The STEM images [44, 46, 47, 48, 49] were produced using the convolution approximation,
which relies on fast Fourier transform-based convolutions, as described by the equation:

I(r) = R(r, Z)⊗ PSF (r) (1)

where r represents a 2D vector in the image plane, and I(r) denotes the image intensity,
and PSF represents the microscope’s point spread function. The transmission function,
R(r, Z), is given by:

R(r, Z) =
N∑
i

Z1.7
i δ(r − ri) (2)

Here, R(r, Z) represents the transmission function corresponding to the N atoms located
at positions ri. This function incorporates information about the atomic potential of the
system, which is determined by the atomic number Zi. According to Rutherford scattering
from the nuclear charge, the intensity follows a Z2 dependence. However, due to core
electron screening and variations in detection collection angles, this exponent is typically
reduced. A value of 1.7 has been chosen as an approximate compromise among these factors.
Previous studies have used power values ranging between 1.3 and 1.7 [83] to better align with
experimental results. However, for consistency, we adopt a fixed exponent of 1.7 across all
systems.

It is important to highlight that only crystallographic coordinates and atom-type infor-
mation are required for generating these STEM images. In our experiments, the power factor
is 1.7, the Gaussian width is set to be 0.5, the Lorentzian width is set to be 0.5, and the
intensity ratio is set at 0.5. The optimized geometries of the 2D materials were obtained
from density functional theory (DFT) [84] calculations. The generated STEM images have
an output resolution of 256×256 pixels, covering an area of at least 2.5 nm × 2.5 nm. The
microscope’s point spread function (PSF) is represented by a normalized Gaussian function
with a width of 0.5 Å.
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The 2D materials used in this study were obtained from the JARVIS-DFT-2D (JV2D)
[77, 78, 79], Computational 2D Materials Database (C2DB) [75], and Alexandria [73, 72, 82]
databases. All image datasets (JARVIS-2D, C2DB, Alex-PBE) were regenerated directly
from their underlying DFT databases [53]. In our current work, we generated a new image
dataset based on Alex-PBE. From each Alex-PBE relaxed structure, we generated STEM
images by creating a supercell of the primitive cell, cropping a central square region for clear
visualization, and then normalizing the resulting image to ensure consistent intensity scaling.
The simulated STEM images are sufficiently representative of experimentally measured
images, which can be seen from Ref. [53], Figure 3, where the comparison for computational
and previously reported experimental STM and STEM images are shown for a few examples
(i.e., graphene).

For each dataset, we split the data into 80 % training and 20 % testing partitions while
preserving a balanced representation of each lattice class. In the Atom-Vision [53] paper,
the dataset was split into only train and test. To be consistent with previous work, we
have split JV2D, C2DB, and Alex-PBE datasets into only train-test. Note that we did not
combine the 3 datasets due to the potential for data contamination. These 3 DFT datasets
were all computed with slightly different methodologies. Specifically, these DFT relaxations
were performed with different codes, different exchange correlation functionals, different
pseudopotentials, and slightly different simulation settings. This can cause inconsistencies
in the training/testing, especially if we have duplicate structures that are slightly different
each other. This is even more of an issue for structures where a and b might be switched,
structures that are oriented different from one another, and if there are supercells versus
primitive cells in one database versus another. To avoid this issue, we treated each dataset
separately.

From Supplementary Information (SI) Figure S3, we see that the training loss curve
flattens out at the end of 50 epochs for the JV2D and C2DB datasets and at the end of 500
epochs for the Alex-PBE dataset.

2.2 How We Chose Our Machine Learning Model

In this study, we systematically evaluate three distinct deep learning approaches for classifi-
cation tasks across two datasets, as shown in SI Table S1. The approaches encompass feature
extraction using pretrained Vision Transformer (ViT-L/14) architectures, as well as training
Densenet121 and GoogleNet models from scratch. The goal is to investigate each method’s
effectiveness, measure comparative performances, and highlight practical considerations.

In the first approach, we leverage the pre-trained CLIP model employing the ViT-L/14
architecture to extract meaningful, high-dimensional feature vectors (each vector having 768
coordinates) from images. These extracted feature vectors serve as input to a Multi-Layer
Perceptron (MLP) classifier. This two-step approach, which separates feature extraction from
the classifier training stage, is particularly valuable as it reduces computational overhead and
enables efficient experimentation with different downstream classifiers.

Specifically, the ViT-L/14 architecture generates image representations as feature vectors
of length 768. These vectors, along with corresponding 2D Bravais Lattice types (class labels),
are subsequently utilized for training MLP classifiers, tailored individually based on dataset
scale. To ensure optimal performance across datasets of varying sizes, we configured the MLP
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with two hidden layers sized (512, 256) for the medium-to-large datasets, training the MLP
model for 400 epochs. For the smallest dataset, the hidden layer dimensions were adjusted
to (256, 128), with the number of epochs reduced to 200 to avoid potential overfitting. The
Adam optimizer was selected for optimization, and the cross-entropy loss function guided the
training process.

Our second approach involves the direct training of a Densenet121 model from scratch,
without utilizing pretrained weights. The DenseNet architecture, characterized by its densely
connected convolutional layers, offers strong gradient flow and efficient parameter utilization,
making it highly suitable for various image-classification tasks. To match the number of
target classes for each specific dataset, we modified the final fully connected classification
layer accordingly. The training process involved careful hyperparameter tuning: the model
was trained for 50 epochs, using a batch size of 16. Training employed the Adam optimizer,
configured with a learning rate of 0.001, and utilized the cross-entropy loss function.

To ensure consistent and effective feature extraction by the convolutional layers, we
standardized image inputs through a carefully structured preprocessing pipeline prior to
training. This preprocessing included resizing each image to 224×224 pixels, converting image
data to PyTorch [85] tensors, and normalizing tensors with mean and standard deviation
values derived from the dataset. Such standardization facilitates smoother convergence during
training and reduces model sensitivity to variance in raw input data distributions.

The image preprocessing pipeline for the Densenet Model is as follows. Images are
uniformly resized to dimensions of 224 × 224 pixels to meet model input specifications.
The resized images are then converted into tensor representations to facilitate efficient
computations on GPUs. Each channel (Red, Green, Blue) is independently normalized
utilizing established ImageNet [86] mean (µ = [0.485, 0.456, 0.406]) and standard deviation
(σ = [0.229, 0.224, 0.225]) values. This process standardizes the data distribution, enhancing
training stability and generalization capability.

Our third approach mirrors the preprocessing steps of the Densenet121 method but
employs the GoogleNet architecture trained from scratch, without leveraging pretrained
weights. The GoogleNet architecture, known for its inception modules and efficient utilization
of computational resources, provides another meaningful comparison point in evaluating our
classification tasks.

Consistent with our Densenet121 configuration, GoogleNet training involved 50 epochs, a
batch size of 16, and the Adam optimizer with a learning rate of 0.001. To further regularize
training and prevent overfitting, we applied an L2 weight decay parameter (λ2), which
penalizes large weight magnitudes and encourages the model towards simpler solutions. The
choice of GoogleNet extends our evaluation to include an architecture designed explicitly for
computational efficiency.

Based on the classification results in SI Table S1, we picked the Densenet121 model to
predict the lattice parameters for three datasets. We adjust the last layer so that we can
switch from the classification to the regression problem. The Train-Test Distributions are
reported in SI Table S3 for each dataset on which we conducted our experiments. We have
used the other models, namely the GoogleNet and Clip+MLP on the Alex-PBE dataset for
the regression experiments of lattice parameters. The results can be found in SI Figure S1
and SI Table S4.
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(a) (b)

(c) (d)

(e) (f)

Figure 2: Train and test distribution plots of lattice parameters a, b, and γ for
the datasets used in our experiments. The x-axis in each panel represents a, b
(in Å), and γ (in ◦), while the y-axis shows the count. (a) JV2D Train dataset,
(b) JV2D Test dataset, (c) C2DB Train dataset, (d) C2DB Test dataset, (e)
Alex-PBE Train dataset, (f) Alex-PBE Test dataset.

We selected the DenseNet121 model architecture for predicting lattice parameters across
multiple datasets. Specifically, we adapted the final fully connected layer of the DenseNet121
network, originally designed for classification tasks, to accommodate regression outputs.
The regression task involves predicting three lattice parameters: a, b, and γ. To rigorously
evaluate model performance, we utilized standard train-test splits for each dataset. The
datasets and corresponding sizes of the training and testing sets are detailed as follows:

• STEM-JV2D: 859 training samples and 215 test samples.

• STEM-C2DB: 2815 training samples and 705 test samples.

• Alex-PBE: 110,263 training samples and 27,569 test samples.

We evaluate the developed models using two metrics that are most common for regression
tasks; they are Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). The
error metrics computed are as follows:
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• MAE = 1
N

∑N
i=1 |yi − ŷi|

• MSE = 1
N

∑N
i=1(yi − ŷi)

2 and RMSE =
√

MSE

Here yi = (ai, bi, γi) are the true values for sample i, ŷi = (âi, b̂i, γ̂i) are the predicted values
for sample i and N is the total number of test samples.

For evaluating classification tasks, we use the standard classification metrics.

• Precision =

∑N
i=1 1{yi = 1 ∧ ŷi = 1}∑N

i=1 1{ŷi = 1}
where 1{·} is the indicator function (equals

1 if its argument is true, 0 otherwise), yi ∈ {0, 1} is the true label for sample i, and
ŷi ∈ {0, 1} is the predicted label.

• Recall =
∑N

i=1 1{yi = 1 ∧ ŷi = 1}∑N
i=1 1{yi = 1}

• F1 Score = 2 · Precision × Recall

Precision + Recall

Baseline Model

To establish a reference point for evaluating the effectiveness of our DenseNet121-based model,
we employed a simple yet robust baseline approach. The baseline model predicts the mean
value of each parameter computed from the training set, denoted as:

ȳp =
1

Ntrain

Ntrain∑
i=1

yi,p, p ∈ {a, b, γ}

where Ntrain represents the total number of training samples. Subsequently, these mean
values were utilized as constant predictions for each parameter across all test samples:

ŷi,p = ȳp, ∀i ∈ {1, 2, . . . , Ntest}

Employing the mean-based baseline serves as a fundamental test to validate that the
trained DenseNet121 model effectively captures meaningful patterns in the data. If the
trained model’s predictions fail to surpass the baseline performance, this suggests the model
is insufficiently leveraging the available data for accurate regression.

2.3 Training Methodology and Experiments

A key consideration during our experimental design was whether to train a single DenseNet121
model to simultaneously predict all three lattice parameters (a, b, γ), or to train three separate
instances of the DenseNet121 model, each independently tasked with predicting only one of
the parameters. Training separate models would eliminate inter-parameter correlations from
influencing predictions, whereas training a single multi-output model might enable the model
to leverage these correlations effectively.
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To systematically evaluate both scenarios, we conducted preliminary experiments on the
STEM-JV2D dataset. Specifically, we trained both the single multi-output DenseNet121 model
and three separate single-output DenseNet121 models under identical training conditions: 50
epochs, a batch size of 16, a learning rate of 0.0005, and optimization via the Adam optimizer
without pretrained weights. Performance across both configurations was compared using the
previously defined regression metrics.

Based on comparative performance analysis in SI Table S2, we observed that the single
multi-output DenseNet121 model consistently achieved better accuracy across all regression
metrics. Consequently, we selected this approach (a single DenseNet121 model predicting all
three parameters simultaneously) as our primary model architecture moving forward.

Following this methodological decision, comprehensive modelling experiments were carried
out on the aforementioned three datasets (STEM-JV2D, STEM-C2DB, and Alex-PBE). We
train our model on the full training set and then test on four subsets of the testing set, apart
from testing on the full test set, for each parameter a, b, and γ. The 4 test subsets are:

• a ≤ 10 Å, b ≤ 10 Å, γ ∈ {60◦, 90◦, 120◦}.

• a, b has no restrictions and γ /∈ {60◦, 90◦, 120◦}

• a > 10 Å, b, γ have no restrictions

• b > 10 Å, a, γ have no restrictions

Out of the four subsets, the first subset is the most abundantly occurring and thus most
relevant and interesting. Large databases of two-dimensional crystals indicate that most 2D
materials have in-plane lattice constants on the order of only a few angstroms. For example, a
high-throughput study identified approximately 1500 monolayers across more than 30 crystal
prototypes, with the vast majority exhibiting lattice lengths well below 1 nm [75]. Common
2D materials such as graphene, h-BN, and monolayer MoS2 have a (and b) values around
2.5 to 3.3Å, while heavier or more complex 2D materials (e.g., antimonene, bismuthene)
show in-plane constants on the order of 4 to 4.5Å [87]. Extensive surveys of exfoliable
layered compounds confirm that a and b rarely exceed 10 Å for stable monolayers [75]. Hence,
nearly all known 2D crystals have relatively compact unit cells in-plane. Regarding unit-cell
angles, 2D materials predominantly adopt high-symmetry lattice angles of 60◦, 90◦, or 120◦.
Crystallographic data show that hexagonal/trigonal (with γ = 60◦ or equivalently 120◦) and
rectangular/square (γ = 90◦) lattices are by far the most common in monolayers [75]. For
example, graphene and MoS2 have a hexagonal (120◦) arrangement, while black phosphorus
(phosphorene) is orthorhombic (γ = 90◦). Statistics from large databases confirm that over
70% of predicted 2D compounds fall into one of these high-symmetry categories [75], whereas
lower-symmetry (oblique) lattices with arbitrary γ are relatively rare in stable 2D materials.
This is why the first subset, where a, b ≤ 10 Å, γ ∈ {60◦, 90◦, 120◦} should be the subset
where we expect the best results. The same pattern is also observed from the data distribution
of the Alex-PBE dataset as seen in Figure 2.

After conducting our modeling experiments as shown in Figure 1, we report our regression
results across three datasets in Table 1. The scatter plots are shown in Figure 3 for each
of the datasets when the model is run on the subset of the test set where a, b ≤ 10 Å,
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γ ∈ {60◦, 90◦, 120◦}. It is important to note that in Fig. 3c, we observe two additional slopes
that deviate from y = x (perfect prediction, red dotted line) on the parity plot for a and
b. This can be due in part to the large number of parallelogram/monoclinic structures in
the Alex-PBE data (see SI Table S3), many of which represent supercells used for magnetic
calculations. We report our classification experimental results across the 3 datasets in Table
2.

The SI depicts the histogram of errors for the test subsets across our three datasets. The
histograms for the JV2D dataset are in SI Figure S4, the C2DB dataset in SI Figure S5, and
the Alex-PBE dataset in SI Figure S6.

In Figure 3, it is clear that angle γ takes discrete values in the set {69, 90, 120}. To
offer an alterative analysis of Figure 3 (γ), we generated confusion matrix plots (shown in SI
Figure S2).

We analyzed how predictions vary by chemistry (chalcogenides vs halides) and by electronic
properties (metal vs semiconductor/insulator). We examined subsets of the test set of each
model with the following criteria: metals have Eg ≤ 0.05 eV, semiconductors/insulators have
Eg > 0.05 eV. In addition, we looked at chalcogenides (S/Se/Te), halides (F/Cl/Br/I), and
transition metal dichalcogenides (TMDs) with MX2 stoichiometry. For each subset of the test
set, we report mean absolute error (MAE) and root mean squared error (RMSE) for lattice
parameters a, b and angle γ. The results for this are reported in SI Table S5. We observe
relatively consistent trends between each model. In particular, we see that the error is lower
for metals than semiconductors/insulators for all three models. In addition, we observe the
lowest error for TMD materials for each model. For more accurate models such as C2DB, we
see less variation in predictions across material classes (errors ranging from 0.07 Å to 0.25
Å for lattice constants), while for models with higher overall error (JV2D), we see a larger
variation with errors up to 1.20 Å for lattice constant of chalcogenides.
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(a)

(b)

(c)

Figure 3: The Densenet model for prediction of the lattice parameters a, b, γ
across the three datasets, (a) JV2D, (b) C2DB and (c) Alex-PBE. We show the
scatter plots when the trained model is evaluated on only the subset of the test
set where a, b ≤ 10 Å, γ ∈ {60◦, 90◦, 120◦}. In each scatter plot, we have three
plots showing the scatter plot for a, b, γ where we have shown True vs Predicted
values.
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Table 1: Regression results for the lattice parameters a, b, γ using the Densenet
model across JV2D, C2DB, and Alex-PBE datasets. Shown are the full test
set, the (most abundant) subset where we have a ≤ 10 Å, b ≤ 10 Å, γ ∈
{60◦, 90◦, 120◦}, and the baseline. n represents the number of samples in the
set.

Dataset Test Subset Parameter MAE RMSE

JV2D

Full Test Set (n=215)
a (Å) 0.69 1.31
b (Å) 0.99 1.91
γ (◦) 5.21 14.44

a ≤ 10 Å, b ≤ 10 Å,
γ ∈ {60◦, 90◦, 120◦}

(n=126)

a (Å) 0.59 0.99
b (Å) 0.64 1.07
γ (◦) 2.89 11.24

Baseline (Mean)
a (Å) 1.29 1.74
b (Å) 1.87 2.52
γ (◦) 16.02 17.74

C2DB

Full Test Set (n=705)
a (Å) 0.17 0.37
b (Å) 0.19 0.42
γ (◦) 0.86 4.82

a ≤ 10 Å, b ≤ 10 Å,
γ ∈ {60◦, 90◦, 120◦}

(n=481)

a (Å) 0.17 0.32
b (Å) 0.19 0.40
γ (◦) 0.49 2.65

Baseline
a (Å) 0.95 1.24
b (Å) 1.00 1.29
γ (◦) 14.81 15.22

Alex-PBE

Full Test Set (n=27569)
a (Å) 0.35 1.16
b (Å) 0.23 0.83
γ (◦) 0.90 4.34

a ≤ 10 Å, b ≤ 10 Å,
γ ∈ {60◦, 90◦, 120◦}

(n=12139)

a (Å) 0.18 0.79
b (Å) 0.09 0.43
γ (◦) 0.57 2.64

Baseline
a (Å) 3.81 5.02
b (Å) 4.23 5.35
γ (◦) 13.73 18.77
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Table 2: Classification result of the Densenet model trained and tested sepa-
rately on three different datasets: JV2D, C2DB, and Alex-PBE. We report the
precision, recall, F1-score, and size for each class.

Dataset Class Precision Recall F1-score Support

Alex-PBE

0 0.97 0.99 0.98 5715
1 0.95 0.94 0.95 1792
2 0.97 0.98 0.97 14579
3 0.92 0.90 0.91 3513
4 0.89 0.80 0.84 1970
Accuracy 0.96 27569
Macro avg 0.94 0.92 0.93 27569
Weighted avg 0.96 0.96 0.96 27569

JV2D

0 0.97 0.90 0.93 92
1 0.87 0.97 0.92 35
2 0.78 0.88 0.83 65
3 0.50 0.29 0.36 7
4 0.77 0.62 0.69 16
Accuracy 0.87 215
Macro avg 0.78 0.73 0.75 215
Weighted avg 0.86 0.87 0.86 215

C2DB

0 0.89 0.96 0.92 316
1 0.99 0.98 0.98 148
2 0.97 0.98 0.97 144
3 0.57 0.46 0.51 63
4 0.59 0.38 0.46 34
Accuracy 0.89 705
Macro avg 0.80 0.75 0.77 705
Weighted avg 0.88 0.89 0.89 705

Through these experiments, we gain several important insights:

• Restricted to STEM Data: It is important to note that the current trained models can
only be applied to STEM data. However, it is possible to design similar strategies to
extend this work to other types of characterization data. We restricted our dataset to
only STEM [44, 46, 47, 48, 49] images because we could easily generate a large quantity
of STEM data from relaxed structures in DFT databases [53, 84].

• Effect of Typical Lattice Ranges: The best performance is consistently observed for
lattices within typical ranges (a, b ≤ 10Å and γ ∈ {60◦, 90◦, 120◦}). This aligns with
the compact dimensions and high-symmetry angles common to naturally occurring
2D materials, enhancing prediction accuracy due to the higher representation of these
cases in the training data. If we look at the results obtained in the estimation of the
angle using the dataset Alex-PBE, it might seem that the model is not good enough in
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sketching a linear trend between the predicted and actual angles. This problem has
been also reported by other authors [88, 89] in the context of powder XRD.

• Challenges with Out-of-Range and Low-Symmetry Parameters: Model accuracy declines
for lattices with large constants or non-standard angles. Some of these anomalies
in experiment can include distorted phases (e.g., 1T′-MoS2 [90]), asymmetric Janus
materials (e.g., MoSSe [91]), and charge-density-wave distorted monolayers (e.g., 1T-
TaS2 [92]). This degradation likely arises from the limited presence of these atypical
structures in the training dataset.

• The Densenet Model is not robust to rotations. Only translation equivariance is built-in
for the Densenet model [93]. Convolution slides a fixed kernel over the image plane, so
shifting an image shifts the feature map in the same way. Rotating the input, however,
does not rotate the filter grid; pixels that used to fall under one weight now fall under
a very different pattern. The standard Conv2d operator [94] is defined on a Cartesian
grid. Rotation is not a symmetry of that grid. After a 90° turn, edge orientations,
corners, etc., land in positions no filter has ever seen, so early activations collapse, and
the prediction head gets arbitrary features. This can potentially become an issue for
structures where a and b might be switched, or when the model looks at supercells
versus primitive cells.

• We have included experimental 2D STEM images taken from literature (shown in
SI Figure S7). The figures we have included are the following: a) tetragonal FeTe
(modified from Ref. [95]), b) hexagonal FeTe (modified from Ref. [95]), c) graphene
(modified from Ref. [96]) and d) graphene (modified from Ref. [97]). The images taken
from literature were all larger than 2.5 nm x 2.5 nm. To match the simulated data on
which these models were trained, we cropped out a region of the experimental image
to be as close to 2.5 nm x 2.5 nm as possible and when necessary, we rotated to align
its dimensions and crystallographic orientation with those of our simulated dataset.
This preprocessing step is essential because the DenseNet architecture employed is not
rotation-invariant and is sensitive to mismatched resolutions, which would otherwise
degrade inference accuracy.

Subsequently, the three trained models were applied to these experimental images
to infer lattice parameters. Ground-truth values were obtained from Ref. [98] for
graphene, Ref. [99, 100] for tetragonal FeTe, and Ref. [95, 100] for hexagonal FeTe.
The ground-truth and predicted parameters are reported in SI Table S6. The Alex-PBE
model exhibited the largest errors, while the C2DB and JV2D models do an excellent
job of predicting γ for both graphene images and both phases of FeTe. The C2DB model
performs exceptionally well for the prediction of the graphene lattice constants and
angle, while the JV2D model has more difficulty with the simultaneous prediction of a
and b for graphene. However, prediction results for both phases of FeTe are better with
the JV2D model. It is important to note that for the tetragonal and hexagonal phases
of FeTe, there are more discrepancies in what the experimentally measured lattice
constants are. For example, values ranging from 3.7 Å to 3.9 Å have been experimentally
reported for tetragonal FeTe thin films [99, 100] and values ranging from 3.8 Å to 4.1 Å
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have been reported for hexagonal FeTe thin films [95, 100]. It has also been suggested
that magnetic ordering can impact these lattice constant values [95]. For comparison,
the DFT computed lattice constant values from C2DB (which assumes a ferromagnetic
ground state) are 3.62 Å for tetragonal FeTe (C2DB ID: Fe2Te2-b49eca087529) and
3.99 Å for hexagonal FeTe (C2DB ID: Fe2Te2-18809f787f88).

• Benefits of Multi-Output Learning: Training a single DenseNet121 model for simul-
taneous multi-parameter prediction improves overall accuracy compared to separate
single-output models. Leveraging the correlations among lattice parameters (a, b, and
γ) through multi-task learning is particularly advantageous for crystalline property
prediction tasks.

3 Conclusion
In this work, we developed an effective and scalable deep-learning pipeline for automatically
extracting lattice parameters, predicting lattice constants using regression techniques, and
classifying lattice types from STEM images of 2D materials. Using the DenseNet121 model,
we achieved particularly strong performance on a test subset where a ≤ 10Å, b ≤ 10Å, and
γ ∈ {60◦, 90◦, 120◦}. For the JV2D dataset, we obtained MAE score of around 0.69 Å for a,
and 0.99 Å for b on the full test set. On the C2DB dataset, the model yielded MAE of around
0.17Å for a, and 0.19Å for b for the full test set. On the Alex-PBE dataset (our largest
dataset contribution and publicly available), MAE scores were around 0.35 Å for a, and 0.23 Å
for b for the full test set. For classification (trained on the full Alex-PBE train dataset), we
achieved up to 96 % accuracy on this largest dataset. Finally, we acknowledge that our model
is not suitable when faced with challenges with out-of-range and low-symmetry parameters.
Future work could integrate rotation and scale-equivariant architectures or physics-informed
losses to extend robustness to low-symmetry lattices and larger lattice-parameter ranges, as
well as to accommodate out-of-distribution experimental images. The trained models and
processing scripts will be publicly available, facilitating reproducibility and fostering further
research into automated lattice characterization.

4 Supporting Information
• Comparison of 2D Bravais lattice classification performance of three model architectures

• Predictive performance of a single multi-task DenseNet versus three independent
DenseNet models trained separately for each parameter.

• The number of train and test samples for each of the three datasets

• Scatter plots created when the GoogleNet model and the Clip + MLP model are used
for prediction of the lattice parameters a, b, γ on the Alex-PBE dataset.

• Table representing the comparison of regression results for lattice parameters a, b, γ on
the Alex-PBE dataset using GoogLeNet and ViT+MLP
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• Scatter plots and confusion matrices when the Densenet model is used for prediction
of the lattice parameters a, b, γ across the three datasets, where γ predictions are
represented as confusion matrix plots.

• Training loss curves for various models

• Table showing prediction of the lattice parameters a, b, γ when the datasets are broken
into subsets based on chemical compositions of materials.

• Histogram of prediction errors for lattice parameters after training the DenseNet model
on the JV2D dataset

• Histogram of prediction errors for lattice parameters after training the DenseNet model
on the C2DB dataset

• Histogram of prediction errors for lattice parameters after training the DenseNet model
on the Alex-PBE dataset

• Experimental 2D STEM images taken from literature and used for model inference.

• Comparison of predicted lattice parameters (a, b, γ) for selected materials from experi-
ment (see Fig. S7).
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Table S1: Comparison of 2D Bravais lattice classification performance (accu-
racy % and F1 score) of three model architectures: Clip+MLP, Densenet121,
and GoogleNet on the STEM-JV2D and STEM-C2DB datasets. Densenet121
achieves the highest overall accuracy and F1 score and is selected as the best-
performing model.

Dataset
Clip + MLP Densenet121 GoogleNet

Accuracy
(%)

F1
Score

Accuracy
(%)

F1
Score

Accuracy
(%)

F1
Score

Stem_jv2d 83.41 0.71 80.65 0.81 79.72 0.78
Stem_c2db 87.09 0.73 89.22 0.88 84.11 0.84
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Table S2: Predictive performance of a single multi-task DenseNet (jointly
regressing a, b, and γ) versus three independent DenseNet models trained
separately for each parameter. Mean absolute error (MAE) and root-mean-
square error (RMSE) are reported on the JV2D test set; lower values indicate
better accuracy.

Parameter
Single Multi-Target DenseNet Three Single-Target DenseNet

MAE RMSE MAE RMSE

a (Å) 0.60 1.22 1.28 1.75

b (Å) 1.00 1.83 1.87 2.52

γ (◦) 6.17 16.13 16.10 17.77

Table S3: The number of train and test samples for each of the three datasets,
across each lattice class (namely 0, 1, 2, 3, 4), is given in this table.

Dataset Data Type 0 1 2 3 4

STEM-JV2D
Training 367 137 261 27 67
Testing 92 35 65 7 16

STEM-C2DB
Training 1263 592 574 252 134
Testing 316 148 144 63 34

Alex-PBE
Training 22856 7164 58315 14052 7876
Testing 5715 1792 14579 3513 1970
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(a)

(b)

Figure S1: The (a) GoogleNet model and the (b) Clip + MLP model for
prediction of the lattice parameters a, b, γ on the Alex-PBE dataset. We show
the scatter plots when the trained model is evaluated on the full test subset of
the Alex-PBE dataset. In each scatter plot, we have three subplots showing the
scatter plot for a, b, γ where we have shown True vs Predicted values.

Table S4: Comparison of regression results for lattice parameters a, b, γ on the
Alex-PBE dataset using GoogLeNet and ViT+MLP. n represents the number
of samples.

Test Subset Parameter GoogleNet Clip+MLP
MAE RMSE MAE RMSE

Full Test Set (n=27568)
a (Å) 0.40 1.15 1.05 1.68
b (Å) 0.29 0.85 0.92 1.43
γ (◦) 1.00 4.62 4.08 11.03

a ≤ 10 Å, b ≤ 10 Å,
γ ∈ {60◦, 90◦, 120◦}

a (Å) 0.22 0.74 0.84 1.26
b (Å) 0.14 0.50 0.77 1.11
γ (◦) 0.59 3.12 1.94 6.29
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(a)

(b)

(c)

Figure S2: The Densenet model for prediction of the lattice parameters a, b, γ
across the three datasets, (a) JV2D, (b) C2DB and (c) Alex-PBE. We show
the scatter plots when the trained model is evaluated on only the subset of
the test set where a, b ≤ 10 Å, and we show confusion matrix plots when
γ ∈ {60◦, 90◦, 120◦}.
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(a)

(b)

(c)

Figure S3: Training loss vs epochs when we trained our Densenet model on
the (a) JV2D dataset (b) C2DB dataset (c) Alex-PBE dataset
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Table S5: Subset-wise performance of dataset-specific DenseNet models pre-
dicting lattice parameters a, b (Å) and γ (◦). Results are computed on test
datasets only for JARVIS-2D, C2DB and Alex-PBE. Groups are defined as:
metals (Eg ≤ 0.05eV), semiconductors/insulators (Eg > 0.05eV), chalcogenides
(S/Se/Te), halides (F/Cl/Br/I), and TMDs (MX2).

(a) JARVIS-2D

Group Samples a (MAE / RMSE) b (MAE / RMSE) γ (MAE / RMSE)

Semiconductors/Insulators 137 0.79 / 1.50 1.15 / 2.15 5.75 / 15.20
Metals 78 0.53 / 0.91 0.71 / 1.42 4.29 / 13.02
Chalcogenides (S/Se/Te) 90 0.89 / 1.61 1.20 / 2.10 5.83 / 14.28
Halides (F/Cl/Br/I) 94 0.66 / 1.27 0.80 / 1.57 4.00 / 12.84
TMD (MX2) 13 0.15 / 0.20 0.11 / 0.14 0.66 / 0.71

(b) C2DB

Group Samples a (MAE / RMSE) b (MAE / RMSE) γ (MAE / RMSE)

Semiconductors/Insulators 203 0.22 / 0.40 0.25 / 0.48 0.76 / 3.22
Metals 502 0.15 / 0.37 0.16 / 0.40 0.91 / 5.34
Chalcogenides (S/Se/Te) 308 0.21 / 0.38 0.23 / 0.44 0.57 / 2.63
Halides (F/Cl/Br/I) 303 0.13 / 0.25 0.15 / 0.35 0.41 / 2.19
TMD (MX2) 52 0.07 / 0.12 0.11 / 0.18 0.41 / 1.29

(c) Alex-PBE

Group Samples a (MAE / RMSE) b (MAE / RMSE) γ (MAE / RMSE)

Semiconductors/Insulators 10895 0.41 / 1.33 0.29 / 0.96 1.03 / 4.78
Metals 16674 0.32 / 1.05 0.20 / 0.74 0.82 / 4.03
Chalcogenides (S/Se/Te) 9022 0.35 / 1.13 0.24 / 0.86 0.88 / 4.39
Halides (F/Cl/Br/I) 10821 0.37 / 1.24 0.25 / 0.88 0.85 / 4.09
TMD (MX2) 307 0.26 / 0.84 0.10 / 0.44 0.49 / 2.05
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(a)

(b)

(c)

(d)

(e)

Figure S4: Histogram of prediction errors for lattice parameters a, b, and γ
after training the DenseNet121 model on the JV2D dataset. The x-axis shows
the prediction error (predicted - actual), and the y-axis shows the count. Panels
show: (a) full test set, (b) subset with a ≤ 10, b ≤ 10, and γ = 60◦, 90◦, 120◦,
(c) subset with a > 10, (d) subset with b > 10, (e) subset with non-standard
angles γ ̸= 60◦, 90◦, 120◦
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(a)

(b)

(c)

Figure S5: Histogram of prediction errors for lattice parameters a, b, and γ
after training the DenseNet121 model on the C2DB dataset. The x-axis shows
the prediction error (predicted - actual), and the y-axis shows the count. Panels
show: (a) full test set, (b) subset with a ≤ 10, b ≤ 10, and γ = 60◦, 90◦, 120◦,
(c) subset with non-standard angles γ /∈ {60◦, 90◦, 120◦}.
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(a)

(b)

(c)

(d)

(e)

Figure S6: Histogram of prediction errors for lattice parameters a, b, and
γ after training the DenseNet121 model on the Alex-PBE dataset. The x-
axis shows the prediction error (predicted - actual), and the y-axis shows the
count. Panels show: (a) full test set, (b) subset with a ≤ 10, b ≤ 10, and
γ = 60◦, 90◦, 120◦, (c) subset with a > 10, (d) subset with b > 10, (e) subset
with non-standard angles γ /∈ {60◦, 90◦, 120◦}.
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a) b)

c) d)

Figure S7: Experimental 2D STEM images taken from literature and used for
model inference a) graphene (adapted from Ref. [96]) and b) graphene (adapted
from Ref. [97]), c) tetragonal FeTe (adapted from Ref. [95]), d) hexagonal
(adapted from Ref. [95]). a): Image credit: Sarah Haigh, University of Manch-
ester and Quentin Ramasse, EPSRC SuperSTEM Laboratory, Daresbury. b):
Adapted with permission from Springer Nature: Shin et al., Nature Communica-
tions 6, 6068 (2015). Copyright 2015 Springer Natured Ltd., c) and d): Adapted
with permission from Springer Nature: Kang et al., Nature Communications 11,
3729 (2020). Copyright 2020 Author(s), licensed under a Creative Commons
Attribution (CC BY) license.
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Table S6: Comparison of predicted lattice parameters (a, b, γ) for selected
materials from experiment (see Fig. S7).

Graphene (Ref. [96])
Source a (Å) b (Å) γ (◦)
Experiment (Ref. [98]) 2.46 2.46 120.00
JV2D 3.60 1.85 114.44
C2DB 2.62 2.13 119.31
Alex-PBE 1.82 6.22 89.78

Graphene (Ref. [97])
Experiment (Ref. [98]) 2.46 2.46 120.00
JV2D 3.30 1.99 114.21
C2DB 2.73 2.32 119.36
Alex-PBE 2.95 4.47 119.76

Tetragonal FeTe (Ref. [95])
Experiment (Ref. [99, 100]) 3.7–3.9 3.7–3.9 90.00
JV2D 3.87 3.77 90.32
C2DB 3.60 3.86 89.90
Alex-PBE 4.76 8.81 89.72

Hexagonal FeTe (Ref. [95])
Experiment (Ref. [95, 100]) 3.8–4.1 3.8–4.1 120.00
JV2D 4.14 3.91 118.57
C2DB 4.53 4.41 114.25
Alex-PBE 9.55 8.61 89.67
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