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Introduction

The transition to sustainable and low-emission energy systems is one of the main
scientific and technological challenges of our time. Among the many options being studied,
hydrogen is one of the most promising energy carriers. It is abundant, has a high energy
density, and can produce clean energy when used in fuel cells. However, the large-scale
use of hydrogen still faces several problems, especially in its safe and efficient storage
and transport. Finding materials that can store and release hydrogen easily and safely is
essential for the development of hydrogen-based technologies.

In this field, graphene oxide (GO) and similar nanostructured carbon materials have
received great attention. Their chemical and structural properties can be tuned by intro-
ducing oxygen groups, which create active sites for hydrogen adsorption. Understanding
how hydrogen molecules interact with graphene oxide surfaces at the atomic level is crucial
for designing better materials for hydrogen storage.

To study these interactions, computational modeling is a powerful tool. Methods
such as density functional theory (DFT), or more precisely Density Functional Tight
Binding (DFTB), are simulations that allow scientists to study adsorption mechanisms
and binding energies in great detail. However, these techniques are very demanding in
terms of time and computational resources. This makes it difficult to apply them to large
or complex systems, which limits their practical use.

In recent years, machine learning (ML) and artificial intelligence (AI) have provided
new opportunities to overcome these limitations. By learning from data obtained through
simulations or experiments, neural network models can predict physical and chemical
properties with high accuracy and much lower computational cost. These models can act
as fast predictive tools, allowing to explore many possible material configurations that
would be too expensive to simulate with traditional methods.

This thesis is part of this growing research area. The main goal is to develop and
test neural network models to predict hydrogen adsorption on nanostructured graphene
oxide nanostructures. The models aim to achieve accuracy comparable to atomistic sim-
ulations, while being much faster and easier to scale.In this way, the trained network
can estimate different graphene oxide properties directly, eliminating the need for further
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computationally expensive simulations.

More broadly, this work contributes to the data-driven design of materials for sustain-
able energy applications. By combining detailed computational data with the predictive
power of machine learning, it supports the development of efficient and reliable models for
hydrogen storage. The approach presented here could also be applied to other materials,
helping to speed up the discovery of advanced solutions for clean energy technologies.
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1 Theoretical background

In this chapter, the main theoretical concepts behind this work are presented. It starts
with a short overview of chemical bonding and the structure of materials at the nanoscale.
Then, it explains the main ideas of Density Functional Tight Binding (DFTB) simulations
and describes the properties of graphene and its derivatives. Finally, it introduces neural
networks as computational tools for modeling and prediction, with a particular focus on
convolutional neural networks (CNNs) and the Graphenet (ResNet18) architecture used
in this study.

1.1 Chemical and Nanoscale Structure of Materials

All materials are made of atoms connected through different types of chemical bonds:
these bonds determine how atoms interact, how strong the material is, and how it behaves
under different conditions. The three main types of chemical bonds are ionic, covalent,
and metallic ([6]). In covalent bonds, atoms share electrons, creating strong and stable
structures typical of materials such as diamond or graphene.

When we move from the atomic to the nanoscale, materials start to show new and in-
teresting properties ([7]). The nanoscale refers to dimensions between 1 and 100 nanome-
ters, where the behavior of matter is influenced by both quantum effects and a high
surface-to-volume ratio. At this scale, even small changes in the arrangement of atoms
can strongly affect properties such as electrical conductivity, chemical reactivity, and me-
chanical strength.

Because of these unique characteristics, nanostructured materials are widely studied
for applications in energy storage, catalysis, and electronic devices ([8]). In this con-
text, graphene and its derivatives have become some of the most important materials in
nanotechnology and materials science.
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1.2 Graphene and Its Derivatives

Graphene is a two-dimensional material composed of a single layer of carbon atoms
arranged in a hexagonal lattice ([9]). It is known for its extraordinary mechanical strength,
high electrical conductivity, and large surface area. These properties make it an excellent
candidate for many applications, including sensors, batteries, and hydrogen storage ([10]).

Graphene oxide (GO) is a derivative of graphene that contains oxygen functional
groups, such as hydroxyl, epoxy, and carboxyl, attached to its surface ([11]). These
groups disrupt the perfect carbon lattice of graphene, but they also introduce active
sites that can interact with other molecules, including hydrogen. By modifying the type
and number of these oxygen groups, it is possible to tune the chemical reactivity and
adsorption properties of the material ([12]). An example of Graphene oxide naostructure
used in the thesis is the following Figure 1.1

Figure 1.1: Graphene oxide flake. Carbon atoms are shown in green, oxygen in red, and
hydrogen in white.

The interaction between hydrogen and GO depends on several factors, such as the
distribution of oxygen groups, the surface curvature, and the local electronic environment
([2]). Understanding these factors requires atomistic modeling and simulation, which can
provide detailed insight into the adsorption mechanisms and energy landscape of hydrogen
storage in GO-based materials.
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1.3 Density Functional Tight Binding (DFTB) Simula-

tions

Understanding materials at the atomic level often requires quantum mechanical sim-
ulations, which describe how electrons and atoms interact. One of the most widely used
methods is Density Functional Theory (DFT), which calculates the electronic structure of
materials based on the electron density ([13]). However, DFT calculations are often very
time-consuming and computationally expensive, especially for large or complex systems.

To reduce this cost, a simplified approach called Density Functional Tight Binding
(DFTB) was developed ([14]). DFTB is an approximate version of DFT that maintains
the essential physics while simplifying the mathematical formulation to make calculations
faster.

In DFTB, the total energy of a system is calculated using precomputed parameters
obtained from DFT reference calculations. This means that instead of solving complex
equations for every new configuration, DFTB can use existing data to estimate electronic
interactions ([1]). As a result, DFTB allows the study of larger systems and longer
simulation times while maintaining good accuracy for many materials.

This makes DFTB an ideal method for studying hydrogen adsorption on graphene
oxide (GO) substructures, as it provides a balance between computational efficiency and
physical realism ([4]).

1.4 Neural Networks for Modeling and Prediction

Artificial neural networks (NNs) are computational models inspired by the structure
and functioning of the human brain [1]. They consist of many interconnected units, called
neurons, that process and transmit information through layers. Each neuron performs
a simple mathematical operation, but together they can represent complex, nonlinear
relationships between input and output data.

A typical neuron receives an input vector x, multiplies it by a set of weights w, adds
a bias term b, and applies a nonlinear activation function f , resulting in an output:

y = f(w · x+ b)

Common activation functions include the sigmoid, hyperbolic tangent, and rectified lin-
ear unit (ReLU), which introduce nonlinearity and allow the network to learn complex
mappings. Among these, the ReLU function is one of the most widely used due to its
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simplicity and efficiency in mitigating the vanishing gradient problem [15].

As shown in Figure 1.2, the ReLU function, defined as f(x) = max(0, x), outputs
zero for negative input values and a linear response for positive inputs, allowing networks
to converge faster during training while maintaining sparse activations.

Figure 1.2: Rectified Linear Unit (ReLU) activation function.

Figure 1.3 illustrates a standard feedforward neural network, or Multi-Layer Percep-
tron (MLP). Information flows from the input layer through one or more hidden layers
to the output layer. During training, the network adjusts its weights w and biases b to
minimize a loss function, typically using the backpropagation algorithm and stochastic
gradient descent [1].

Figure 1.3: Multi-Layer Perceptron (MLP) architecture. Adapted from [1].

Neural networks are widely used in image recognition, natural language processing,
and materials science [8]. In materials modeling, NNs can learn the relationship between
atomic configurations and physical properties such as total energy, charge distribution,
or adsorption capacity [16]. Once trained, these models can make fast and accurate pre-
dictions for new systems, eliminating the need for time-consuming quantum or atomistic
simulations, making NNs powerful tools for accelerating materials discovery.

1.4.1 Convolutional Neural Networks (CNNs)

A specific class of neural networks used in this work is the convolutional neural net-
work (CNN), designed to recognize spatial and structural patterns within data, which
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makes them particularly suitable for analyzing images, grids, or maps with local correla-
tions [2].

Figure 1.4: Convolutional neural network (CNN) architecture. Adapted from [2].

CNNs are typically composed of multiple layers (Figure 1.4):

• Convolutional layers extract local features.

• Pooling layers (e.g., max pooling) reduce spatial dimensions and computational
cost.

• Fully connected layers combine high-level features for final predictions.

Figure 1.5 illustrates how successive convolutional layers learn increasingly complex
features: initial layers detect edges, while deeper layers capture structural motifs or re-
peating atomic patterns [3].

In materials science, CNNs can process structured data such as atomic density maps
or simulated energy surfaces. By identifying patterns in these representations, CNNs can
predict material properties like adsorption energy or stability directly from structural data
[17]. This approach enables efficient analysis of large datasets generated from simulations
such as Density Functional Tight Binding (DFTB).

1.4.1.1 Convolutional Layers

Instead of connecting every neuron to all others (as in MLPs), CNNs use a mathe-
matical operation called convolution, where small filters (or kernels) slide across the input
data to detect features such as edges, textures, or repeating patterns. For an input image
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Figure 1.5: Successive convolutional layers learn increasingly complex features, from edges
to atomic motifs. Adapted from [3].

I and a kernel K, the convolution operation is defined as:

S(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(i+m, j + n)K(m,n)

The resulting feature map S(i, j) highlights local structures that the kernel detects.

In this equation:

• I is the input image or feature map (a 2D array of pixel values or activations),

• K is the kernel (or filter), typically a small matrix (e.g., 3× 3 or 5× 5) that scans
across the input,

• i, j denote the spatial coordinates of the output feature map,

• m,n are indices that iterate over the kernel dimensions,

• S(i, j) is the resulting feature map value at position (i, j), representing how
strongly the local region around that position matches the kernel pattern.

The size of the output feature map depends on the input dimensions, the kernel
size, the amount of zero-padding, the stride, and the number of filters (depth). Let:

• Hin,Win: input height and width,

• kh, kw: kernel (filter) height and width,
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• ph, pw: padding applied to height and width,

• sh, sw: stride along height and width,

• Dout: number of filters applied in the convolution (output depth).

Then, the spatial output dimensions are computed as:

Hout =

⌊
Hin − kh + 2ph

sh

⌋
+ 1 (1.1)

Wout =

⌊
Win − kw + 2pw

sw

⌋
+ 1 (1.2)

and the full output volume has size Hout ×Wout ×Dout.

Padding (p) adds a border of zeros around the input, allowing the convolution to
be applied near the edges without shrinking the spatial dimensions. Stride (s) controls
how far the kernel moves across the input at each step: a stride of 1 scans every pixel,
while larger strides result in a lower-resolution output by skipping intermediate positions.
Finally, the depth (Dout) corresponds to the number of different kernels applied in the
layer, with each kernel producing its own feature map; these feature maps are stacked to
form the output volume.

These concepts are illustrated in Figure 1.6, which shows how padding preserves the
spatial size of the input, how stride affects the sampling of the kernel across the grid, and
how using multiple kernels increases the depth of the resulting feature representation.

Figure 1.6: Illustration of padding, stride, and depth in a convolutional layer. Padding
adds zero borders around the input, stride controls the step size of the kernel movement,
and the depth corresponds to the number of filters producing multiple feature maps.
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When padding and stride are chosen so that the output has the same spatial dimen-
sions as the input (e.g., p = k−1

2
, s = 1), the operation is referred to as a same convolution.

1.4.1.2 Feature Representation

Each kernel in a convolutional layer is trained to detect a specific feature of the
input:

• In the first layers, kernels typically learn to detect simple features such as edges,
corners, or textures.

• In deeper layers, kernels combine these lower-level patterns to form more complex
and abstract features, such as object parts or structural motifs.

These hierarchical feature maps form a multi-level representation of the data, allowing
CNNs to progressively extract meaningful information from raw inputs.

1.4.1.3 Pooling Layers

Pooling layers are used to reduce the spatial dimensions (H,W ) of the feature maps
while retaining the most relevant information. This operation decreases computational
cost, controls overfitting, and provides translation invariance.

The most common pooling operation is max pooling, defined as:

Spool(i, j) = max
(m,n)∈window

S(i+m, j + n)

where the pooling window (e.g., 2 × 2) slides across the feature map with a defined
stride. Other variants include average pooling, which takes the mean value instead of the
maximum.

1.4.1.4 Fully Connected Layers

After several convolutional and pooling layers, the extracted features are flattened
and passed to one or more fully connected (dense) layers. These layers perform high-
level reasoning by combining the learned features to make final predictions. In this stage,
each neuron is connected to all activations from the previous layer, similar to traditional
multilayer perceptrons (MLPs). The final output layer often uses activation functions
such as softmax or sigmoid, depending on whether the task is classification or regression.

1.4.1.5 Application in Materials Science

In materials science, CNNs can process structured data such as atomic density maps
or simulated energy surfaces. By identifying patterns in these representations,the CNNs
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enable efficient analysis of large datasets generated from simulations such as Density
Functional Tight Binding (DFTB).

1.4.2 Graphenet (ResNet18) Architecture

In this work, the chosen neural network model is Graphenet, based on the well-known
ResNet18 architecture [4]. ResNet18 is a deep CNN composed of multiple layers connected
through residual blocks, which introduce shortcut connections that allow information to
bypass one or more layers during training, facilitating deeper network learning.

A residual block can be expressed mathematically as:

y = F(x, {Wi}) + x

where F represents the transformations (convolution, batch normalization, and ReLU
activation) applied to input x. The addition of x creates an identity shortcut, stabi-
lizing training and allowing the network to learn residual mappings rather than direct
transformations, mitigating vanishing gradients.

Figure 1.7: Overview of the ResNet18 architecture with residual connections. Adapted
from [4].

The ResNet18 architecture consists of a series of convolutional and pooling layers or-
ganized into residual blocks, followed by fully connected layers. Skip connections preserve
important features and improve gradient propagation during backpropagation.

Building upon ResNet18, the Graphenet model incorporates domain-specific adapta-
tions for predicting nanographene properties. Figure 1.8 illustrates the Graphenet frame-
work [5], divided into three parts: (a) schematic overview of the Graphenet workflow,
showing data flow from nanographene images to predicted physical and electronic proper-
ties; (b) example of encoding a nanographene sample into an image representation using
the proposed approach; (c) specific CNN architecture employed in Graphenet, based on
ResNet18.
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Figure 1.8: Overview of the Graphenet framework [5]: (a) workflow schematic (Draw.io);
(b) image representation of a nanographene sample (rendered with VMD and plotted with
OpenCV/Pillow); (c) CNN architecture built upon ResNet18 (Draw.io). Figure adapted
from [5].

Graphenet leverages ResNet18 to efficiently process image-encoded nanographene
structures. Residual connections enable stable gradient flow, while convolutional layers
capture both local (atomic-scale) and global (structural and electronic) features. By com-
bining DFTB-derived data with this CNN-based model, Graphenet accurately predicts
key physical and electronic properties, providing a computationally efficient framework
for accelerating the design and optimization of nanographene-based materials and devices
[18].
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2 Methodology

2.1 Overview

The present work builds upon the Graphenet framework, introduced in [5], which
encodes nanographene structures as three–channel images and processes them through a
CNN architecture derived from ResNet18. While Graphenet was originally developed to
predict physical and electronic properties of graphene–oxide nanostructures (e.g., forma-
tion energy, ionization potential, electron affinity), the objective of this thesis is to adapt
and extend this approach to a different prediction task and to a second, more flexible
neural–network model.

The first part of the methodology focuses on using Graphenet to predict the Hydro-
gen Adsorption Energy, referred in the formula as HAE, defined as:

HAE = Eflake+wH2
− Eflake − EH2 , (2.1)

where Eflake+wH2
is the total energy of the flake with an adsorbed hydrogen molecule,

Eflake the energy of the flake, and EH2 the reference energy of an isolated H2 molecule.
This quantity measures the adsorption energy associated with hydrogen attachment on
the nanographene surface.

In the second part of the study,while the target quantity to be predicted remains
exactly the same Hydrogen Adsorption Energy defined in Equation (2.1), the dataset
is reprocessed into higher–dimensional, multi–channel tensors that encode a richer set
of structural descriptors. These tensors serve as input to a custom convolutional neu-
ral network developed during the internship. Unlike Graphenet, which is constrained to
RGB-like 3-channel images due to its ResNet-based architecture, the custom CNN ac-
cepts an arbitrary number of channels and is specifically designed to learn directly from
this extended feature representation. This allows a complementary analysis between a
transfer–learning model (Graphenet) and a purpose-built CNN tailored to the encoded
local environment.

Thus, this chapter presents the two methodological pipelines used in the thesis:
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• preprocessing and encoding nanographene–hydrogen configurations into image ten-
sors or multi–channel arrays,

• adapting and retraining the Graphenet architecture to predict adsorption energies,

• constructing and training a custom multi–channel CNN from scratch on the same
dataset.

2.2 Rationale

Graphenet represents graphene–based structures as 2D pixel grids in which atoms
are mapped to three separate image channels corresponding to different chemical species.
This representation, originally used for predicting formation and electronic energies [5],
is maintained here to train Graphenet on adsorption–related energies. Since the dataset
and target quantity differ from the original implementation, additional preprocessing is
required.

At the same time, the 3-channel RGB constraint imposed by the ResNet18 backbone
does not allow the direct incorporation of additional atomic descriptors beyond spatial lo-
cation and species. For this reason, a second methodological path is introduced. The same
raw structural data are transformed into multi–channel tensors encoding a richer set of
geometric quantities, and a custom CNN is developed to process these higher-dimensional
arrays. Designed and trained from scratch, this architecture provides full control over the
convolutional depth, channel dimensionality, and regularization components, enabling a
more flexible representation of the local adsorption environment.

By developing both a ResNet-based approach and a custom multi-channel CNN
trained on aligned datasets, the methodology allows a controlled architectural compar-
ison while isolating the influence of input representation and model complexity. The
following sections detail the preprocessing, encoding, and training procedures for both
neural-network frameworks.
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3 Graphenet

3.1 Input Dataset Generation

The Graphenet framework relies on the function generate_png, which converts
atomic structures provided in .xyz format into multi–channel images used as input to
the neural network. Therefore, the first step in preparing the dataset is the generation of
the .xyz files corresponding to each nanographene configuration, both with and without
adsorbed hydrogen.

All structural and energetic information is initially stored in the flakes.json file.
This dataset contains, for each nanographene flake, the Cartesian coordinates of all atoms,
the total energy and, for each possible adsorption site, the geometry and total energy of
the corresponding hydrogenated structure. A simplified representation of the data format
is:

flake_n:

XYZ: # flake without H2

atoms: [...]

x: [...]

y: [...]

z: [...]

flake_energy_wo_H2: float

hydrogens:

position_id:

XYZ: # flake + H2 adsorbed

atoms: [...]

x: [...]

y: [...]

z: [...]

flake_energy_w_H2: float

flake_energy_diff: float
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Two constraints must be satisfied to produce valid .xyz input files for Graphenet:

• the list of atoms must be sorted by element type, with carbon atoms first and
heteroatoms (oxygen, hydrogen) afterwards;

• only atoms located within a specified cutoff distance from the adsorption site must
be included, ensuring that the encoded structure reflects the local adsorption envi-
ronment.

To accomplish this, a dedicated preprocessing pipeline was developed, described in
the following subsection. This pipeline converts the raw data stored in flakes.json into
properly ordered and spatially filtered .xyz structures ready for the image encoding stage.

3.1.1 Preprocessing Script: sorted_c_then_o_h_xyz

The preprocessing script sorted_c_then_o_h_xyz generates the structural input
data used to train Graphenet. Although it begins with standard steps such as file loading
and basic physical filtering, a key aspect of this work is the construction of the .xyz files
themselves, which required several methodological iterations during the project.

1. Input Validation and Physical Filtering. Each adsorption configuration from
flakes.json is screened to exclude unphysical or numerically unreliable cases. The
following criteria correspond to the checks implemented in the preprocessing script:

• Unstable total energies. Configurations with anomalously high values of Eflake+H2

(above a chosen numerical threshold) are discarded, as they typically arise
from unconverged or distorted geometries, as shown in the first IF Condition
of Fig. 3.1.

Figure 3.1: Example of discarded configurations due to anomalous total energies.

• Adsorption-energy range. The adsorption energy difference Ediff is required to
fall within the adsorption energy window. Configurations with Ediff ≥ 0 (non-
binding) or Ediff < −0.05 eV (too strongly bound) are excluded, as shown in
the second IF condition of Fig. 3.1.
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• Preservation of the H2 bond. The H–H distance must remain below 0.77 Å
to ensure that the molecule remains intact. As reported in Fig. 3.2, larger
distances indicating dissociation are removed from the dataset.

Figure 3.2: Bond-length constraint used to detect dissociated H2 molecules.

2. Local Reference Frame Definition. To represent each adsorption environment
consistently, a local coordinate system is constructed using the position of the ad-
sorbed H2 molecule. All atoms within a chosen cutoff radius from the molecule are
selected and their coordinates are translated so that the center of the H2 molecule
becomes the origin. This ensures that every subflake is described relative to the
same physically meaningful reference point. Over the course of the project, several
reference definitions were tested (see Sec. 3.1.2), ranging from using the H2 center
to referencing each hydrogen atom individually. From the resulting relative coor-
dinates, pairwise distances and spherical angles are computed to characterize the
spatial neighborhood.

3. Feature Extraction. The closest atoms (ranked by distance) are selected and
stored together with:

• their chemical species,

• distances to one or both hydrogen atoms,

• spherical angular descriptors (inclination and azimuth),

• their original Cartesian coordinates.

These collective descriptors encode the relevant geometric information surrounding
the adsorption site.

4. Addition of Placeholder Atoms for Uniform Image Dimensions. To guar-
antee that every rendered subflake image has identical spatial extent and framing,
four artificial atoms labelled SK are added at the corners of a square of side ±RR,
where RR corresponds to the chosen cutoff radius. These atoms do not represent
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physical species; they serve exclusively as fixed reference points so that all gener-
ated pictures share the same width, height, and orientation. The code snippet in
Figure 3.3 shows how these SK positions are written to the output.

Figure 3.3: Addition of four SK placeholder atoms at the corners of the bounding square
to enforce uniform image dimensions.

This pipeline produces standardized structural representations that preserve the local
environment responsible for adsorption energetics. The resulting .xyz dataset is the input
used to train Graphenet to predict the energy difference quantity flake_energy_diff.
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3.1.2 Coordinate Frame Variants

A central aspect of this work was determining how to represent the local environment
surrounding the adsorbed H2 molecule in a way that both preserves the structural physics
of the system and provides sufficient detail for machine learning. Several coordinate-
reference strategies were tested during the development of the preprocessing script, each
offering different advantages.

For clarity and direct comparison, all example images shown in this section refer to
the same physical configuration: adsorption position 1 of flake 3. Only the coordinate
transformation method changes, while the underlying atomic geometry remains identical.
This allows the differences among the various representations to be visualized and analyzed
without altering the underlying adsorption structure.

1. Reference to one of the two hydrogen atoms.
In this representation, the coordinate shift is performed with respect to a single
hydrogen atom. This introduces a fixed direction in the local reference frame, but
at the cost of breaking the intrinsic structure between the two hydrogen atoms. An
example of a generated image using this convention is shown in Figure 3.4.

Figure 3.4: Example of an image representation generated using one hydrogen atom as
reference. The color channels (R, G, and B) correspond to different atomic species, as
defined earlier in the methodology.

2. Reference to the geometric midpoint of H2.
In this alternative, the midpoint between the two hydrogen atoms is used as the ori-
gin of the local coordinate frame. This representation preserves symmetry, because
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both hydrogen atoms are treated equivalently; however, it does not encode the ori-
entation of the H2 bond. As a result, the resulting images are very similar to those
obtained with the single-hydrogen reference, but without directional information.

3. Dual-frame representation.
To retain symmetry while still capturing orientation, the coordinates are computed
twice: once with respect to each hydrogen atom. The two resulting representations
are then combined into a single image. This produces a superposition of the two
local environments, allowing bond orientation information to be implicitly encoded
while avoiding bias toward one hydrogen atom. An example of such a dual-frame
image is shown in Figure 3.5.

Figure 3.5: Example of an image representation generated using both hydrogen atoms as
reference in a dual-frame superposition. The R, G, and B channels correspond to different
atomic species.

4. Gaussian interpolation.
Pixel-based representations of atomic environments are typically sparse, since only
a small number of pixels correspond to atom positions while the remaining area is
empty. Such sparsity is not ideal for convolutional neural networks, which tend to
learn more effectively from continuous spatial patterns. To address this, each atom
is represented not as a single pixel, but as a two-dimensional Gaussian distribution
centered at its projected coordinates. This smooths the image and spreads the
information over neighboring pixels, making spatial features easier for the network
to detect. An example of an image processed with Gaussian interpolation (using
the same atomic coordinates as in the midpoint-based representation) is shown in
Figure 3.6.
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Figure 3.6: Example of an image representation after applying Gaussian interpolation.
The Gaussian spread reduces image sparsity and emphasizes local spatial structure. Colors
correspond to atomic species as described earlier.

These iterative refinements were essential to arrive at a structural encoding that is
sufficiently descriptive for downstream learning.

3.1.3 Data Augmentation.

The Graphenet preprocessing pipeline includes a data-augmentation routine, imple-
mented in the lib_dataset_generation.py file, which generates three additional samples
for each input image by applying 90◦ clockwise, 90◦ counterclockwise, and 180◦ rotations.
A snapshot of the corresponding function is provided in Figure 3.7.

These rotations generate alternative views of the same atomic configuration without
modifying its physical meaning,The main benefit is an effective enlargement of the training
dataset: by increasing the number of available samples, the neural network is exposed to
more variations of the same underlying structure, which reduces overfitting and generally
improves the stability and accuracy of the learning process.

Figures 3.8a, 3.8b, and 3.8c show examples of the data-augmentation procedure ap-
plied to the original image 3.4.
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Figure 3.7: Rotation-based data-augmentation function from
lib_dataset_generation.py, generating three augmented samples for each input
image.

(a) 90◦ clockwise rotation
(b) 90◦ counterclockwise ro-
tation (c) 180◦ rotation

Figure 3.8: Augmented versions of the original configuration shown in Figure 3.4.

3.2 Target Analysis

Graphenet requires that the target information associated with each image input be
provided in tabular form, specifically as a .csv file. During training, the network reads
the target values directly from this file to compute the loss function and optimize its
parameters. In the present work, the predicted property is the adsorption-related en-
ergy difference HAE, referred to in the code as flake_energy_diff, defined according to
Equation (2.1) as the difference between the total energy of the graphene-oxide flake and
the reference energy of the isolated hydrogen molecule. Consequently, a dedicated script
named create_the_csv_file.py was implemented to generate the dataset of target val-
ues in a format compatible with Graphenet’s training pipeline. This file, produced in
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parallel with the structural images, establishes a one-to-one correspondence between each
image (representing a specific flake configuration) and its associated scalar target.

3.2.1 Preprocessing Script: create_the_csv_file

The script create_the_csv_file.py is responsible for generating the .csv file that
contains the energetic target values required by Graphenet during training. Its main
purpose is to extract and organize the adsorption-related energy quantities stored in the
hierarchical flakes.json dataset, and to associate each of them with the corresponding
structural configuration represented by an .xyz file.

The flakes.json file is organized as a nested dictionary, where each entry (flake_n)
includes the atomic coordinates of both the graphene flake and its hydrogen-adsorbed
variants. For every adsorption site, the data include the total energy of the pure nano-
structure (flake_energy_wo_H2), the total energy of the flake with an adsorbed hydro-
gen molecule (flake_energy_w_H2), and the corresponding adsorption energy difference
(flake_energy_diff).

The script first loads the JSON dataset and iterates through the directory containing
all preprocessed .xyz structures. Each .xyz file name encodes the flake identifier and
adsorption site index, which are used to locate the corresponding entries within the JSON
data structure. For each configuration, the following information is retrieved:

• the total number of atoms in the .xyz file,

• the total energy of the pure nanostructure (flake_energy_wo_H2),

• the total energy of the hydrogenated nanostructure (flake_energy_w_H2),

• and the computed adsorption energy difference (flake_energy_diff).

All retrieved quantities are appended to a Pandas DataFrame, where each row cor-
responds to a single adsorption configuration. Once the complete dataset is collected,
different preprocessing strategies are applied to the target column in order to ensure nu-
merical consistency and facilitate model convergence. These strategies include direct use
of the raw energy values, min–max normalization, and statistical standardization. The
resulting processed dataset is then exported as flake_dataset_summary.csv, which con-
stitutes the definitive target file used by Graphenet to map each image-based input to its
corresponding adsorption energy descriptor.

3.2.2 Processing of Target Values

During the preparation of the flake_dataset_summary.csv file, several approaches
were tested to define the most suitable form of the target quantity to be used during
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training. The purpose of these tests was to ensure that the target values were numerically
stable and within a range that facilitates the convergence of the neural network optimizer.
The following subsections describe the different preprocessing strategies applied to the
adsorption energy difference values before determining the final configuration adopted in
this work.

1. Raw Target Data. In the initial implementation, the target column was directly
populated with the raw adsorption–energy values stored in the flakes.json file.
These correspond to the quantity defined earlier in Eq. 2.1, namely the Hydrogen
Adsorption Energy (HAE). In the dataset, however, this same physical quantity
is stored under the variable name flake_energy_diff. Thus, although the nota-
tion differs between the theoretical definition (HAE) and the code implementation
(flake_energy_diff), both refer to the same adsorption–energy difference used as
the learning target.

This representation preserves the physical units of the adsorption energies (expressed
in electronvolts) and directly reflects the energetic stability associated with each
adsorption configuration. The resulting numerical values typically span a narrow
range of a few electronvolts, as illustrated in Figure 3.9.

Figure 3.9: Distribution of raw adsorption energy differences extracted from the
flakes.json file.

2. Normalization. A further transformation consisted in applying min–max normal-
ization to rescale the energy differences within a fixed interval, in our case between
0 and 1:

Enorm =
Ediff − Emin

Emax − Emin
.

This operation preserves the relative differences among samples while constraining
the target range to a uniform scale. Normalized values are dimensionless and facil-
itate consistent input–output scaling across datasets. The resulting distribution is
shown in Figure 3.10.

3. Standardization. Finally, a statistical standardization procedure was implemented,
centering and scaling each target value according to the mean (µ) and standard de-
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Figure 3.10: Rescaled target distribution after min–max normalization within the [0, 1]
range.

viation (σ) of the dataset:

Estd =
Ediff − µ

σ
.

This transformation produces a zero-centered distribution with unit variance, ex-
pressed in dimensionless standardized units. Any missing or undefined values were
replaced by a small constant (10−4) to avoid numerical instabilities. The resulting
standardized targets are illustrated in Figure 3.11.

Figure 3.11: Distribution of target values after statistical standardization.

The final processed dataset is stored as a single .csv file, containing one row per ad-
sorption configuration and one column corresponding to the target value flake_energy_diff.
This file serves as the input required by Graphenet to associate each image-based flake
representation with its corresponding adsorption energy descriptor.
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4 Custom Convolutional neural network

4.1 Introduction

Although GrapheneNet performs well in its original setting, its accuracy decreases
when applied to the local-environment dataset developed in this work. This may indicate
that the architecture is not ideally suited for this representation. The central objective of
this chapter is therefore the development of a custom Convolutional Neural Network
(CNN) specifically designed to process multi-channel local-neighbourhood tensors and
predict adsorption energies

The key contribution of this work is the design and evaluation of a custom CNN
architecture, which:

• removes the 3-channel constraint of GrapheneNet,

• allows flexible incorporation of multiple structural and chemical descriptors,

• aims to improve predictive performance on the local-environment dataset.

The goal is to achieve accurate and efficient adsorption-energy prediction while en-
abling scalable screening of graphene-based hydrogen-storage materials.

The design of the custom CNN stems from the need to overcome a fundamental limi-
tation of the original GrapheneNet framework, which relies on RGB image representations
of atomic structures. This approach restricts the input to only three feature channels,
which is insufficient to fully describe the multi-faceted chemical and geometric information
of graphene oxide systems.

The proposed network architecture generalises this representation by allowing an
arbitrary number of input channels

This flexibility enables the model to integrate a richer and more physically meaningful
representation of the local adsorption environment, ultimately aiming to improve accuracy
in predicting hydrogen adsorption energies.
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4.2 Dataset Generation

As in the GrapheneNet methodology discussed in the previous chapter, the con-
struction of the dataset relies on the flakes.json file. This file provides the complete
structural description of each nanographene flake together with the corresponding ad-
sorption energies. However, unlike GrapheneNet, which encodes the entire flake into a
3-channel (RGB) image, the present approach extracts only the local atomic environment
around each adsorption site and represents it with an extended, multi-channel tensor. The
flakes.json file therefore serves as the central data source, supplying both the atomic
coordinates needed to assemble the input tensors and the target energy values used for
supervised training.

As a first approach, the H2 molecule to be adsorbed is treated by splitting it into
its two hydrogen atoms. For each hydrogen atom, we compute its distance from every
atom in the nanostructured flake (hereafter referred to simply as the flake). Since the
flake atoms can be carbon, oxygen, or hydrogen, this results in six channels in total: three
channels corresponding to the atomic distributions around the first hydrogen atom (H2)1,
and three channels for the second one (H2)2.

Each channel is generated using the function matrix_discretization_fcn(), whose
header and algorithm are shown in Figures 4.1 and 4.2, respectively.

Figure 4.1: Header of the matrix_discretization_fcn() function.

The function matrix_discretization_fcn converts the three-dimensional atomic
coordinates of a selected element into a two-dimensional grid representation. It filters
atoms within a defined cutoff region, subdivides the xy-plane into discrete bins, and
assigns each cell the corresponding atomic height (z coordinate). The resulting matrix
encodes the spatial distribution of that atomic species around the adsorption site, serving
as one input channel for the CNN.
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Figure 4.2: Algorithmic flow of the matrix_discretization_fcn() function used to
create the discretized channel matrices.

4.2.1 Input Tensor Generation

Once the discretization matrices are obtained, the save_input_sequence() function
is used to assemble them into the complete CNN input tensor. This function is called
within the higher-level routine process_flake(), which iterates over all adsorption con-
figurations and manages the full dataset preprocessing workflow.

The save_input_sequence() function generates a six-channel tensor representing
the local atomic environment around the adsorption site. Each of the six channels cor-
responds to a different atomic species (C, O, H) for both hydrogen atoms of the H2

molecule:

[C, O, H]H1 + [C, O, H]H2.

The first three channels (channel_0, channel_1, channel_2) encode the spatial distribu-
tion of carbon, oxygen, and hydrogen atoms around the first hydrogen atom (H2)1, while
the remaining three channels (channel_3, channel_4, channel_5) represent the same
atomic distributions relative to the second hydrogen atom (H2)2. The resulting structure
is thus a 4D tensor with dimensions:

(1, 6, resolution, resolution),

where resolution depends on the chosen spatial discretization step (0.5Å in this case).

The header of the function and the definition of the channel indices are shown in
Figure 4.3. The second part of the function, responsible for creating the tensor through
successive calls to matrix_discretization_fcn(), is reported in Figure 4.4.
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Figure 4.3: Header of the save_input_sequence() function and definition of the six
tensor channels corresponding to different atomic species around the two hydrogen atoms.

Figure 4.4: Creation of the per_hyd_pos_tensor input tensor by com-
bining the discretized matrices for each atomic species through calls to
matrix_discretization_fcn().

The resulting tensor, per_hyd_pos_tensor, encodes both chemical composition and
geometric structure within the cutoff region. These per-hydrogen tensors are later col-
lected and stacked by the process_flake() function to form the complete per-flake
dataset, used as input for CNN training.
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4.2.2 Target Tensor Generator

As described in the Target Analysis of the Graphenet chapter, the adsorption-related
energy difference (HAE, see Equation (2.1)) constitutes the scalar target value associated
with each hydrogen adsorption configuration. While the previous chapter employed a
.csv-based target file compatible with Graphenet’s training pipeline, the present work
integrates the same energetic information directly into the tensor-generation routine of
the custom multi–channel CNN.

In this framework, the target tensor is constructed within the process_flake() func-
tion, which pairs each generated input tensor with its corresponding adsorption energy.
For every flake, the atomic coordinates and chemical symbols are extracted together with
the positions of the hydrogen atoms belonging to the H2 molecule.

After validation, the adsorption energy difference stored in the dataset as flake_energy_diff
is retrieved for each configuration and appended to the list y_flake. The collected values
are then converted into a NumPy array and finally into a PyTorch tensor of shape

per_flake_energy_tensor ∈ R(N, 1),

where N represents the number of adsorption sites associated with the considered flake.
Each entry of this tensor corresponds to the adsorption energy of a single hydrogen con-
figuration.

The code excerpt responsible for building the target tensor is reported in Figure 4.5.
Within the loop over all adsorption sites, each flake_energy_diff value is extracted and
inserted into the final energy tensor, ensuring perfect alignment with the set of generated
input tensors.

Figure 4.5: Creation of the target tensor within the process_flake() function. Each ad-
sorption configuration contributes a scalar energy value (flake_energy_diff), collected
into the tensor per_flake_energy_tensor.

The process_flake() function therefore returns both the structured spatial input
tensor and its associated target tensor, which together form the fundamental building
blocks for training the present convolutional architecture.
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4.2.3 Complete Tensor Assembly

Once the input and target tensors have been generated for each flake, the final dataset
is assembled by concatenating these tensors across all flakes. This operation is performed
within a loop that iterates through the complete dataset, as illustrated in Figure 4.6. For
every flake identifier, the routine calls process_flake() and retrieves both the input ten-
sor (flake_input_tensor) and the corresponding energy tensor (energy_flake_tensor).

When successfully produced, the tensors are appended to all_flake_input_tensors
and all_flake_energy_tensor, two lists that gather all processed configurations. After
all flakes have been evaluated, the complete datasets are constructed via concatenation
along the batch dimension:

complete_input_tensor = torch.cat(all_flake_input_tensors, dim=0),

complete_energy_tensor = torch.cat(all_flake_energy_tensor, dim=0).

These tensors constitute the full training dataset for the custom multi–channel CNN
model, in which each sample consists of a spatial representation of an adsorption configu-
ration paired with its adsorption energy, already introduced and justified in the previous
chapter.

Figure 4.6: Assembly of the complete dataset. The loop iterates over all flakes, generating
and collecting the corresponding input and energy tensors, which are concatenated into
the final tensors complete_input_tensor and complete_energy_tensor.

To verify the correctness of the concatenation process, the tensor shapes are printed
in the terminal, ensuring that both the input and target tensors have the expected di-
mensions, as shown in Figure 4.7.
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Figure 4.7: Terminal output showing the shapes of the assembled input and target tensors,
confirming the correct concatenation of all flake data.

4.3 Convolutional Neural Network

4.3.1 CNN Training Pipeline

Once the complete input and target tensors are assembled, the training of the convo-
lutional neural network (CNN) is performed through the CNN_launcher() routine. This
function is responsible for loading the dataset, preparing the train/validation split, nor-
malizing the data, constructing the CNN model, and executing the full training procedure.

The dataset is first loaded using sequence_builder_graphenet(), which returns the
input tensor

X ∈ R(N,C,H,W )

and the corresponding target tensor

Y ∈ R(N, 1).

A random split divides the data into training and validation subsets according to a user-
defined ratio.

Dataset Normalization

To ensure stable and consistent learning, both the input representation and the tar-
get energy values are normalized based only on the training set. In this work,
normalization refers to min–max scaling, which rescales each variable to the range [0, 1]

using:
xnorm =

x− xmin

xmax − xmin

.

This is handled by the NormalizedCNNDataset class, which:

38



• computes the minimum xmin and maximum xmax values of X and Y from the training
subset,

• applies the same (xmin, xmax)train parameters to the validation and test subsets,

• exposes normalized samples via __getitem__() for use in PyTorch DataLoaders.

The normalization workflow is schematically illustrated below:

Raw Train Data → (xmin, xmax)train → Normalize → Train CNN

Raw Validation/Test Data → Use (xmin, xmax)train → Normalize → Evaluate CNN

Dataset Standardization

An alternative to min–max normalization is standardization, where each variable
is rescaled to have zero mean and unit variance:

xstd =
x− µ

σ
,

with µ and σ computed exclusively from the training set, mirroring the same data-
leakage precautions described above.

Standardization is implemented in this work for comparative experiments, and is
particularly useful when the distribution of input values is approximately Gaussian or
when the relative scale of features carries less meaningful information than their varia-
tion patterns. In practice, the standardization procedure follows the same data pipeline
structure:

• compute the mean µtrain and standard deviation σtrain from the training subset,

• apply these parameters to both validation and test subsets,

• return standardized samples through the dataset’s __getitem__() method.

This provides a controlled way to evaluate how the learning performance depends
on the choice of input scaling strategy. In subsequent sections, we compare the effects of
min–max normalization and standardization on model convergence and prediction accu-
racy.

This ensures that no information from the validation set leaks into the training pro-
cess, preserving the integrity of model evaluation.
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4.3.2 Neural Network Architecture

The model adopted in this work is a two-dimensional convolutional neural network
designed to process the six-channel input tensor generated for each adsorption configura-
tion. A schematic representation of the initial network architecture is shown in Figure 4.8,
where the overall structure of the model is outlined.

Figure 4.8: Initial CNN architecture used for adsorption energy regression. The input
tensor of shape (B, 6, H,W ) is processed through four convolutional blocks, followed by
spatial pooling and a fully connected regression layer producing the final energy prediction.

The network is composed of two main blocks: a feature extraction module, imple-
mented as a stack of convolutional layers, and a regression head that reduces the resulting
feature maps to a single scalar quantity. Conceptually, the forward pass of the model can
be summarised through the following schematic flow:

Input (6 channels) → (Conv2D + ReLU)×4

→ AdaptiveAvgPool2D

→ Flatten

→ Linear

→ ŷ.

The convolutional block is responsible for identifying spatial patterns and local cor-
relations in the multi-channel input representation. Each of the four convolutional layers
applies a 3 × 3 kernel with padding, ensuring that the spatial dimensions are preserved
throughout the feature extraction process. After each convolution, a ReLU activation
introduces nonlinearity, allowing the network to capture increasingly complex features.
This sequence of transformations progressively maps the original input into a richer rep-
resentation:
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(6, H,W ) → (64, H,W ) → (64, H,W ) → (64, H,W ) → (64, H,W ).

Once the feature extraction stage is complete, the regression head condenses this
spatial information into a compact vector through an adaptive average pooling operation:

(64, H,W ) → (64, 1, 1).

This pooled representation is then flattened into a 64-dimensional feature vector,
which is finally mapped to a single scalar output through a fully connected linear layer:

(64) → (1).

Overall, the model implements the following conceptual pipeline:

Local feature extraction −→ Global feature summarisation −→ Scalar regression.

Model Training

The model is trained using the AdamW optimizer, while a cosine learning rate scheduler
is used to progressively reduce the learning rate during training, improving convergence
stability. The loss minimized during training is a regression loss (Mean Squared Error),
computed between the predicted adsorption energies and the reference values obtained
from the dataset.

Mini-batch sampling, shuffling, and GPU data transfer are handled by PyTorch
DataLoader objects, ensuring efficient training. The validation loss is monitored through-
out training to evaluate generalization and prevent overfitting.

Finally, both the trained model weights and the preprocessing parameters are saved,
ensuring that the model can be reliably used for inference and comparison with future
models.
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4.4 Model Optimization and Experimental Trials

To determine the most suitable configuration of the convolutional neural network,
several controlled experimental trials were performed. Each trial consisted of modifying
one or more architectural or preprocessing choices and observing their effect during train-
ing. The performance and quantitative outcomes of these tests are presented separately in
Chapter 5. Here, we focus exclusively on the methodological aspects and the motivation
behind each modification.

4.4.1 Normalization vs. Standardization

As discussed in Chapter 3, preprocessing plays a crucial role in stabilizing neural
network training. For the present CNN architecture, two strategies were implemented
and tested:

• Min–Max Normalization:

x′ =
x− xmin

xmax − xmin

, y′ =
y − ymin

ymax − ymin

• Standardization:
x′ =

x− µx

σx

, y′ =
y − µy

σy

Both approaches were integrated into the data pipeline to evaluate their influence on
numerical stability and training behavior. The comparative performance of each prepro-
cessing technique is presented in Chapter 5.

4.4.2 Increasing the Number of Input Channels

The baseline model used six input channels generated from local structural descrip-
tors. Since the dataset also provides spherical-coordinate information (azimuth and incli-
nation) for each atom, four additional channels were incorporated, increasing the dimen-
sionality of the input representation from 6 to 10 channels (Fig. 4.9).

These new channels encode the angular environment of the system. For each of the
two hydrogen atoms involved in the adsorption complex, one channel stores the inclination
angles and another stores the azimuth angles, aggregating the corresponding values of all
neighbouring C, O, and H atoms. This extension enriches the spatial representation by in-
tegrating directional information and allowing the CNN to capture orientation-dependent
interactions.

The effect of this modification is analyzed in Chapter 5.
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Figure 4.9: Input tensor extended to 10 channels by including angular information.

4.4.3 Gaussian Interpolation of the Input Channels

The raw input channels are highly sparse, containing non-zero values only at atomic
coordinates (Fig. 4.10). CNNs struggle to extract informative patterns from extremely
sparse spatial data due to the limited receptive overlap between convolution kernels and
isolated non-zero points.

To mitigate sparsity, a Gaussian interpolation was applied, distributing atomic con-
tributions smoothly across neighboring grid points (Fig. 4.11). This operation converts
the inputs from nearly binary masks into continuous fields, allowing kernels to form richer
spatial representations. The resulting performance changes are reported in Chapter 5.

Figure 4.10: Example of a raw input channel (Carbon), showing strong sparsity.
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Figure 4.11: Same channel after Gaussian interpolation (kernel σ = 2), improving spatial
continuity.

4.4.4 Hyperparameter Space Exploration

A series of controlled experiments was carried out to explore the effect of key architec-
tural and training hyperparameters. The following components were varied independently
or in combination:

• network depth (number of feature channels),

• cutoff radius for grid construction,

• spatial grid resolution,

• dropout rate,

• learning rate,

• number of epochs,

• Gaussian interpolation width (σ),

• batch size.

The optimal configuration identified through these trials is reported in Chapter 5,
together with the final performance comparison between the custom CNN and Graphenet.
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5 Results

5.1 Graphenet

The different coordinate-frame strategies introduced in Section 3.1.2 were evaluated
to assess their influence on the predictive performance of the neural network. In this
section, we analyze how each choice affects the learning dynamics of the model and the
quality of the resulting predictions, first without and then with the data augmentation
described in Section 3.1.3. .

5.1.1 Single-Hydrogen Reference Frame

Using either one hydrogen atom or the midpoint between the two H2 atoms as the
coordinate origin produces an extremely sparse image: each atom occupies essentially
a single pixel in the input tensor (Fig. 5.1). As most of the grid remains empty, the
convolutional filters receive very limited spatial information, hindering the extraction
of meaningful patterns. Although physically consistent, this representation yields poor
predictive performance, with a best result of R2 = 0.650.

With the application of data augmentation, the result improves slightly, as shown in
Figure 5.2, with R2 = 0.714.

Figure 5.1: Accuracy plot for the single-hydrogen reference frame (no data augmentation).
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Figure 5.2: Accuracy plot for the single-hydrogen reference frame with data augmentation.

5.1.2 Dual-Frame Representation

The dual-frame approach offers a richer representation through the superposition of
two coordinate systems. By overlaying the two atomic reference frames, the resulting
image contains more information about the orientation of the H2 molecule and a signif-
icantly larger number of non-zero pixels. This more informative encoding provides the
network with improved predictive accuracy.

The best result achieved, shown in Figure 5.3, is R2 = 0.743.

Figure 5.3: Accuracy plot for the dual-frame representation (no data augmentation).

With data augmentation, the result increases further reaching R2 = 0.791, as shown
in Figure 5.4.

5.1.3 Gaussian Interpolation

The application of Gaussian smoothing to the pixel-based atomic images has a re-
markably positive impact on learning. By replacing atomic pixels with Gaussian dis-
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Figure 5.4: Accuracy plot for the dual-frame representation with data augmentation.

tributions, the input becomes a continuous field in which neighborhood information is
naturally encoded. Training becomes more stable, convergence is significantly faster, and
both training and validation performance show a substantial improvement, reaching R2

= 0.795.

Figure 5.5: Accuracy plot for the Gaussian interpolation representation (no data augmen-
tation).

With data augmentation, we reach the highest accuracy value obtained: R2 = 0.818,
as shown in Figure 5.6.
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Figure 5.6: Accuracy plot for the Gaussian interpolation representation with data aug-
mentation.

5.2 Custom CNN

This chapter presents the quantitative results obtained from the experimental trials
described in Chapter 4.4. All experiments discussed in the following sections are conducted
using the data augmentation strategy outlined previously. Each section evaluates the
impact of a specific methodological modification on model performance, with the goal of
identifying the most effective configuration for predicting hydrogen adsorption energies. .

5.2.1 Effect of Preprocessing: Normalization vs. Standardization

A first investigation focused on the impact of input preprocessing. Although both
normalization and standardization map the data into comparable numerical ranges, their
effect on the optimization process proved substantially different. When normalization was
employed, the learning curves exhibited noticeable fluctuations and slower convergence,
suggesting difficulties in stabilizing gradient magnitudes across layers. In contrast, stan-
dardization provided a markedly smoother descent of the loss, with fewer oscillations and
a more predictable training trajectory. This improvement is visible in Fig. 5.7, where the
standardized inputs lead to a steadier and more coherent reduction of both training and
validation losses. It was therefore adopted for all subsequent experiments.

5.2.2 Effect of Increasing the Number of Input Channels

The dataset originally supplied six channels encoding distances and atom-type infor-
mation. However,by including inclination and azimuth, the input tensor expanded to ten
channels (Fig. 4.9), thus enriching the geometric information provided to the CNN.

As illustrated by the regression plots in Fig. 5.8 and Fig. 5.9, the model trained
with ten channels produces predictions that align more closely with the target energies,
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(a) Training with normalization. (b) Training with standardization.

Figure 5.7: Comparison of training behavior for the two preprocessing strategies.

increasing the accuracy factor from R2
6ch = 0.6729 to R2

10ch = 0.7023.

The scatter of the validation points is visibly reduced, showing that the inclusion
of angular descriptors leads to a more faithful representation of the underlying physical
trends.

Figure 5.8: Regression results for the 10-channel model.

5.2.3 Effect of Gaussian Interpolation

Another challenge encountered in the modeling process was the extreme sparsity of
the raw input tensors. Each channel contained meaningful values only at atom positions,
while the rest of the grid remained zero. Such sparsity severely limited the network’s
ability to extract patterns, especially in the initial convolutional layers that depend on
local spatial continuity.

To mitigate this effect, Gaussian interpolation was applied to each channel. This
procedure spreads the contribution of an atom over neighboring grid points, transforming
the input from a nearly binary mask into a smooth, continuous density map. The contrast
between the raw and interpolated channels is evident in Fig. 4.10 and Fig. 4.11.

This smoothing significantly enhanced the learning capability of the CNN. The re-
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Figure 5.9: Regression results for the 6-channel model.

gression results after interpolation (Fig. 5.10) reveal a stronger linear correlation between
predicted and target values, and a clear improvement in generalization. These findings
confirm that reducing sparsity is essential when using CNNs to process spatially dis-
cretized atomistic data.

This results in further performance improvement, with R2
interp = 0.7449

Figure 5.10: Regression performance after Gaussian interpolation.

5.2.4 Final Model Performance

The model’s performance was further improved by systematically exploring various
hyperparameters, including dropout, learning rate, network depth, cutoff radius, interpo-
lation width, spatial resolution, and number of training epochs. Through this iterative
search, a configuration emerged that provided the best trade-off between accuracy and
stability.

Under this optimized setup, the CNN achieved an accuracy score of R2 = 0.7745

The regression trends in Fig. 5.11 show well-aligned training and validation distribu-
tions, indicating that the model captures the main physical dependencies of the adsorption
energy without excessive overfitting. The narrow dispersion around the ideal line demon-
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strates that the combination of angular channels, Gaussian interpolation, and refined
hyperparameters yields a robust and reliable model.

Figure 5.11: Regression performance for the best CNN configuration.

5.2.5 Summary of Optimal Hyperparameters

After extensive experimentation and hyperparameter tuning, the optimal configu-
ration for the custom CNN was identified. The key parameters of the final model are
summarized below:

• Network depth: 256 channels, providing sufficient representational capacity to
capture complex spatial patterns in the input.

• Cutoff radius: 4.6 Å, defining the local neighbourhood considered around each
atom.

• Spatial resolution: 0.2 Å, ensuring a fine-grained discretization of the input space.

• Dropout rate: 0.45, effectively regularizing the network and reducing the risk of
overfitting.

• Training epochs: 1000, allowing the model to converge while preventing excessive
training.

• Learning rate: 1 × 10−4, balancing stable convergence and efficient gradient up-
dates.

• Batch size: 32, providing a compromise between gradient estimation accuracy and
memory efficiency.

This combination of hyperparameters yielded the best-performing CNN in this study,
achieving a balance between predictive accuracy and model generalization.
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6 Conclusions

This thesis investigated the development of image-based neural models for predicting
hydrogen adsorption energies on graphenic materials. Two complementary pipelines were
explored: the original Graphenet framework, based on pixelized atomic projections, and
a custom convolutional neural network (CNN) architecture designed to overcome the
intrinsic limitations of the initial representation.

Summary of Findings

A first set of experiments evaluated how different coordinate-frame choices influence
the structure of the input tensors and the corresponding predictive performance. The
single-hydrogen reference frame yielded highly sparse images, offering insufficient spatial
continuity for effective feature extraction. The dual-frame strategy alleviated this issue by
increasing the number of non-zero pixels and providing richer information about molecular
orientation, leading to better predictive accuracy. The most significant improvement, how-
ever, came from the introduction of Gaussian interpolation, which transformed discrete
atomic pixels into smooth density fields. This approach not only improved spatial coher-
ence but also enabled the network to capture more meaningful geometric relationships,
ultimately achieving the best performance within the original Graphenet framework, with
a final accuracy of

R2 = 0.818.

Building on these findings, the second part of the study introduced a custom-designed
CNN. A comprehensive analysis of preprocessing methods demonstrated that standard-
ization consistently stabilized the optimization trajectory and led to more reliable conver-
gence than simple normalization. Enriching the input channels with angular descriptors
(inclination and azimuth) further enhanced the representation, improving accuracy by
capturing essential geometric features of the adsorption sites. Gaussian interpolation
again proved crucial, confirming that reducing sparsity is essential for convolution-based
architectures.

Finally, a systematic hyperparameter search, including dropout, learning rate, grid
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resolution, interpolation width, and network depth, yielded an optimized configuration
achieving an accuracy of

R2 = 0.7745,

showing that the combination of dense geometric encoding, angular information, and
carefully tuned architecture results in a robust and reliable predictive model.

Future Work

While the results achieved in this study are encouraging, several promising research
directions remain open and warrant further exploration:

• Expansion of the Dataset. The performance of neural networks strongly de-
pends on the quantity and diversity of the training data. Increasing the size of
the dataset, both in terms of additional adsorption sites and a broader variety of
graphenic configurations, would likely lead to further improvements in accuracy and
generalization.

• Additional Model Simulations. Due to time constraints, the number of train-
ing simulations exploring different hyperparameters (such as cutoff radius, number
of epochs, spatial resolution, interpolation width, and network depth) was limited.
Running a more extensive hyperparameter search would likely uncover configura-
tions that further improve accuracy and model stability.

• Exploration of Alternative Neural Architectures. While the CNN proved
effective, other architectures may capture long-range interactions or rotational sym-
metries more naturally. Promising candidates include Graph Neural Networks
(GNNs), attention-based models, or hybrid architectures combining convolutional
layers with transformer blocks.

Final Remarks

Overall, this work demonstrates that image-based neural models can successfully
capture the complex physical trends governing hydrogen adsorption on carbon-based sur-
faces. By progressively enriching the input representation and refining the architecture,
significant improvements were achieved over the baseline approaches. The methods devel-
oped here lay the groundwork for more advanced and scalable machine-learning tools for
atomistic simulations, and they open the door to future investigations aimed at improving
performance, interpretability, and physical reliability.
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