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Quite often, a phenomenon of interest can described by more than one data source. For
example, a car’s appearance shows its colour and brand, but not its engine status. How-
ever, other data sources do provide us with this information, be it a sound or mere touch.
Such data source is often referred to as a modality. While using a single data source to
extract the needed information may be sufficient, the addition of more modalities can be
beneficial, because of their complementary nature. This data fusion, however, may be a
quite challenging process. Different kinds of data have different properties, structures and
various challenges connected to them. A plethora of different methods has been proposed,
but usually, the methods are very data-dependent. This thesis presents a new approach to
the fusion of two modalities, primarily for the purpose of image segmentation. One of the
modalities is image, and the second one is any non-grid-like modality. The method uses a
graph to jointly represent both modalities, aiming to capture the intra and inter-modalities
relationships as accurately as possible. The graph is then processed, producing a graph
with fused data, or a direct segmentation. The proposed method was evaluated on two
datasets (from the fields of mineralogy and timber processing) and compared to another
solution, showing both the potential and limitations of the method. In case of the min-
eralogy dataset, the results are very encouraging, showing that the method is capable of
data fusion, even outperforming a contemporary method. In case of the timber dataset, the
results were not as conclusive, as the method failed to improve the results when compared
to a baseline solution, which may have been caused by a challenging dataset.



ROZŠÍRENÝ ABSTRAKT

Dáta z rôznych dátových zdrojov popisujú rôzne vlastnosti sledovaného subjektu. Naprík-
lad, pohl’ad na auto dokáže odhalit’ jeho farbu, značku a podobne, ale až sluch alebo
dotyk dokáže povedat’, či motor beží. Tento príklad ilustruje, že mat’ viac zdrojov dát sa
môže oplatit’, pretože rôzne zdroje môžu poskytovat’ komplementárne informácie. Spá-
janie dát, tiež označované ako dátová fúzia, ale nie je práve triviálna záležitost’. Existuje
obrovské množstvo zdrojov, formátov, významov dát, čo do vel’kej miery komplikuje
tvorbu všeobecného postupu na dátovú fúziu. Kvôli komplexnosti úlohy sú postupy často
vel’mi závislé na konkrétnych typoch dát a t’ažko sa adaptujú na iné domény. Ciel’om tejto
práce je navrhnút’ postup, ktorý bude pomerne všeobecne aplikovatel’ný na fúziu dvoch
typov dát: obrazových a iných, ktoré sú bližšie nešpecifikované a primárne neštruktur-
ované do mriežky.

Neštrukturovanost’ dát sa dá popísat’ ako vzorkovanie objektu, ktoré nie je v pravidelnej
mriežke, ako napríklad zhluky bodov alebo merania s náhodnými vzorkovacími miestami.
Táto vlastnost’ zvyšuje úroveň obtiažnosti, ked’že zamedzuje priamemu použitiu vel’kého
množstva postupov, ako sú napríklad konvolučné neurónové siete alebo MLP (Multi-
Layer Perceptron). Neznalost’ presného typu dát tiež znamená, že vyvinutá metóda musí
byt’ extra flexibilná, aby sa dokázala adaptovat’ na čo najväčšie množstvo formátov dát.

Finálny výstup metódy má byt’ sémantická segmentácia obrazu, teda jeho delenie na výz-
namovo podobné oblasti. Navrhnutý postup modeluje vstupné dáta jedným spoločným
grafom, úlohou ktorého je čo najpresnejšie zachytit’ vzt’ahy medzi dátovými bodmi,
ktoré sú rôzneho typu a zároveň aj medzi dátovými bodmi z rovnakého zdroja. Tento
graf je potom spracovaný grafovou neurálnou siet’ou, ktorej ciel’om je, volitel’ne, bud’
vyprodukovat’ nový graf so spojenými dátami, alebo priamo segmentáciu. V záverečnej
fáze sa extrahuje čast’ grafu reprezentujúca obraz, ktorá predstavuje výsledok spracovania
obrazu. Navrhnutý postup obsahuje aj volitel’né bloky primárne určené na extrakciu rel-
evantných dátových čŕt v prípade, že samotná grafová neurálna siet’ nedokáže poskytnút’
požadovaný výsledok, alebo na redukciu počtu dimenzií, ak je potrebná.

Riešenie tejto práce bolo overené na dvoch nezávislých datasetoch. Prvý test prebehol na
datasete z oblasti mineralógie, vytvorený skenovacím elektrónovým mikroskopom. Obra-
zová čast’ dát bola tvorená snímanými spätne odrazenými elektrónmi a neštrukturované
dáta EDS (Energy-Dispersive X-ray Spectroscopy) spektrami, ktoré presne popisujú chemické
zloženie minerálu. Ciel’om bolo segmentovat’ obraz na oblasti s rovnakým chemickým



zložením, spolu aj s určením, o aký minerál ide. Tento experiment dopadol vel’mi úspešne
a jasne ukázal, že navrhnutá metóda je schopná dátovej fúzie a dosahuje dobré výsledky
aj s vel’mi malým množstvom dát. Tiež prebehlo porovnanie s už existujúcou metódou,
ktoré ukázalo, že navrhnutá metóda dosahuje lepšie výsledky vo všetkých metrikách v
takmer všetkých prípadoch. Zároveň vzhl’adom na dataset a spôsob trénovania ale ne-
dokáže tak dobre generalizovat’.

Druhý test prebehol na datasete drevených brvien. Dátové zdroje v tomto prípade boli fo-
tografia celého obvodu dreva, spolu so vzhl’adom k rozlíšeniu obrazu riedkymi výškovými
meraniami povrchu dreva laserovným skenerom. Ciel’om bolo určit’, kde sa nachádzajú
uzly (pozostatky po konároch v kmeni) na brvne. Aplikovanie navrhnutej metódy ale
neprinieslo želaný efekt, pretože nedokázalo vylepšit’ predikciu vzhl’adom k referenčnému
riešeniu a ani referenčné riešenie samotné. Nie je úplne známe, či neúspech bol spôsobený
nevhodnou metódou alebo samotným datasetom, ktorý obsahuje pomerne malé množstvo
dát, čo vel’mi st’ažilo trénovanie riešenia.

Celkovo práca ukazuje, že navrhnuté riešenie má potenciál a dokáže dosiahnut’ vel’mi
dobré výsledky, aj ked’ má svoje limitácie.

Kapitola 1 obsahuje úvod do problematiky. Nasledovaná je kapitolami popisujúcimi jed-
notlivé aspekty problematiky, konkrétne kapitola 2 uvádza multimodálne dáta, kapitola
3 neurónové siete a dátové štruktúry. Čast’ práce popisujúcu súčasné poznatky uzatvára
kapitola 4 o dátovej fúzii. V kapitole 5 je popísané vytvorené riešenie, ktorého experi-
mentálne overenie je uvedené v kapitole 6. Práca je ukončená diskusiou v kapitole 7 a
záverom v kapitole 8.
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1 Introduction

1.1 Background

Object segmentation is a computer vision task, where the goal is to split an image into
different regions, where each region represents an area of interest or object of interest. For
example, let us assume that the task at hand is to find animals in the image. A solution
could be assigning labels to each pixel, where the label would express which animal this
pixel is part of, if any. Neighbouring pixels with the same labels would then together
create a region representing an animal, showing where exactly it is in the image. It has
various applications, e.g. in industrial, microscopy, and traffic monitoring domains, such
as defect detection, material analysis, and vehicle tracking. The goal of this thesis is to
improve contemporary segmentation methods by adding another data source.

While segmenting pure RGB images has achieved great success, image data alone may not
sufficiently capture all relevant information. For example, dark parts of the image can hide
a relevant object, or similar colouring of the background and an object can camouflage
the object, leading to incorrect results. Therefore, using another data modality to improve
the segmentation accuracy [1] [2] has been shown to be a viable approach.

Data fusion is a process of integrating data from multiple sources (modalities) to leverage
source-specific information carried by said data. Examples of such modalities include
RGB image + depth data [3] [4], RGB and thermal data [5], and many others. Despite its
complex definition, data fusion is something we all do every day without even realizing
it. Our brains fuse data from our senses constantly. For example, seeing a car in front
of us provides information about a car’s position, while sounds carry information about
whether the car’s engine is running or not.

Even though the task of data fusion is easy for biological beings, when it comes to compu-
tational systems, the situation changes. Contemporary approaches are heavily dependent
on the data types being fused, their structure, the overall goal of the fusion, and the context
in general [6].

Moreover, data fusion is commonly applied on grid-like data, where all modalities are
concatenated along the channel dimension and processed together, or an encoder-decoder
network with two encoders is utilized. However, not every modality has a grid-like struc-
ture, for example, sparse point-wise spectral measurements (Figure 2) or point clouds
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(Figure 3). Approaches to fusing such modalities must be adapted to the processing of
data with diverse structures. This is usually done by using a modality-specific neural net-
work architecture, which confines methods to only work with given data modalities. This
work aims to create a general fusion pipeline easily adaptable to any unstructured data.

(a) (b)

Figure 1. Grid-like data (raster image) and unstructured data (red): (a) sparse unstructured data
(e.g. spectral measurements); (b) dense unstructured data (e.g. point clouds). Images from an
ongoing project.

(a) (b)

Figure 2. Example of the microscopy data: (a) spectral measurements on top of a microscopy
image: (b) BSE (microscopy) image. Images from an ongoing project.

(a) (b)

Figure 3. Example of the sawmill data: (a) laser point cloud log representation; (b) image of a log
captured by a line camera. Images from an ongoing project.
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1.2 Objectives and delimitations

This Master’s thesis work will focus on developing multimodal fusion techniques to im-
prove the segmentation accuracy over the methods utilizing just a single modality (RGB
image). The applications and modality pairs to be considered in the thesis include:

1. mineralogy segmentation from microscopy images: greyscale images and point-
wise spectral measurements (Figure 2)

2. knot segmentation (sawmill industry): RGB images and point clouds (Figure 3)

The main objectives of the work are as follows:

1. Propose a method to fuse unstructured data to image data to obtain a new (grid-like)
representation encompassing data from both modalities.

2. Implement an image segmentation method capable of utilizing the fused represen-
tation as input.

3. Compare the multimodal segmentation method to other segmentation methods on
the selected applications.

While the method will be tested on the aforementioned modality pairs, the solution should
be more general, and applicable on numerous other modality pairs where image is one of
the modalities.

1.3 Structure of the thesis

The document is structured as follows:
In Chapter 2, different kinds of multimodal data are presented, sources of this data as well
as different problems that arise from the great variability inherent to such data. Neural
networks relevant to this thesis are introduced in Chapter 3, together with examples of
architectures suitable for working with different data types. Chapter 4 describes data seg-
mentation itself and how is it connected to data fusion, different approaches, and state of
the art in data fusion for image segmentation. Described are methods utilizing deep learn-
ing, together with examples and references to practical applications of said approaches.
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The proposed solution can be found in Chapter 5, which is followed by a detailed de-
scription of the implementation and experiments in Chapter 6. This chapter also includes
the descriptions of the datasets on which the implementation was tested. In Chapter 7 an
analysis of the solution can be found, with a retrospective to the objectives set in Chapter
1. The thesis is concluded with Chapter 8.
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2 Multimodal data

Information about the environment, processes, or phenomena are sensed and described
using detectors. Whether of biological nature or artificial, all sensors provide some kind
of data that carries information about the observed. Multiple sensors can be employed
for observation of the same phenomenon, for example, light and sound or RGB + depth
(RGB-D) data. Moreover, each such detector may exhibit different properties based on
the environmental conditions, observation times, and so on. Each such data source can be
referred to as a modality [6].

2.1 Multimodal data description

Why are data sources important? A single modality rarely provides a complete picture
of the observed process. Additional modalities may provide information unavailable in
the original modality, thus improving the performance of desired tasks like segmenta-
tion or classification. For example, an RGB image carries information about the colour,
texture, and general appearance of the scene. While the geometry of the scene can be
estimated from such an image, it is a non-trivial task and requires assumptions or addi-
tional information about the scene [7]. However, when RGB data are paired with depth
data, geometry data are directly accessible without any computation and additional infor-
mation necessary. This additional modality can for example reveal that a single-coloured
area on the image hides an object, or that on the contrary there is no object even though
it seems like there is. An example of such data can be seen in Figure 4 [8]. Such datasets
were already successfully used, and various methods [3] [9] showed that using additional
modality boosts the performance of the segmentation.

With multiple data sources, the question of how to process the data, in a way that exploits
information from all available modalities, arises. This process of data fusion is often
non-trivial and use-case dependent. More on that in Chapter 4.

Multimodal data were successfully used in numerous fields for a variety of tasks. Exam-
ples of such concrete applications are, among others, in:

• Medicine - Shomorony et al. [10] used modalities like metabolome, microbiome,
genetics, and advanced imaging to identify novel biomarkers and disease signa-
tures.
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(a) RGB image (b) Depth image

Figure 4. Example of RGB and depth data images [8]. Irregular illumination on the chair may
cause incorrect segmentation, but the depth image does not have such defects.

• Meteorology - Boussioux et al. [11] created an approach combining spatio–temporal
data with statistical data for hurricane forecasting.

• Robotics - Zhang et al. [12] utilized RGB, thermal, and point cloud data modalities
to safely realize human-to-robot object handover.

• Mineralogy - Juranek et al. [1] used a backscattered electron image fused with
energy dispersive X-ray spectroscopy data for mineral phase analysis.

These examples and many more show that multimodal data can provide a more com-
plete and accurate description of the observed, and exploiting the complementarity can be
beneficial for various tasks.

2.2 Challenges of multimodal data

Multimodal data exhibits a diverse array of characteristics, because of various sensor
properties and measurement environments. This variability is the cause of many issues,
that need to be considered with working with such data. In [13] and [6], the following
challenges are listed.
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Non-commensurability

Multimodal data are often not directly comparable because they describe different prop-
erties of the object or scene of interest. For example, earlier mentioned RGB data report
on the intensity of light in specific wavelengths, while depth data describe how far the
object is. Comparing those values by value would probably not lead to any meaningful
result, thus the data modalities are non-commensurable [13] [6].

Noise

Because no measurement tool has absolute precision, noise is ever-present in all datasets.
Because of the multimodality, an additional challenge lies in the fact that data from dif-
ferent modalities may contain noise of different types or properties. The reason for this
is that different measurement tools can have different precisions, due to operating under
various conditions, calibrations, or just because they are not made for the same preci-
sions [13] [6]. Depending on the chosen fusion strategy, the heterogeneous nature of the
noise may need to be accounted for, although most works do ignore this kind of challenge.

Missing or misaligned Data

Data might not be present where it is expected to be, or the value is unreliable. Reasons
for this are varied and can be caused by one of three main reasons [13] [6].

1. A missing sample is caused by an unreliable/faulty detector.

2. Modalities cannot cover the same parts of the object of interest. As an illustration,
RGB data covers only the surface of the object, while an additional modality, such
as an X-ray scan, covers the whole volume. As such, the RGB data inside the object
can be considered missing.

3. Sampling of the modalities is incomparable. The cause of this can be a different
resolution or non-uniform sampling, as illustrated in Figure 1.
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Conflicting, contradicting or inconsistent Data

Since multiple data sources are used for a task, it is possible that the information contained
in each of the modalities is conflicting. Caused by an incorrect measurement, external
interference, or something else, it may need to be taken into account. This may or may
not be a problem depending on the data fusion method chosen. For example, if modalities
are processed independently and fused are just results, a conflict resolution method may
be necessary (for example by voting) [13] [6].

Different structure

The structure of the modalities can be extremely varied. Variations in structure include
different numbers of dimensions (such as RGB and depth data), different resolutions (e.g.
RGB + spectral measurements), and a completely different structure of modalities (such
as RGB and point clouds). Handling such a diverse array of structures is one of the main
challenges of working with multimodal data and one of the reasons why there is no one-
fit-all solution for data fusion [13] [6].

It is also important to clarify, what data are considered to be structured or grid-like, and
what data are not. When referring to structured data, data sampling points must be defined
on a regular grid. A regular grid is defined as follows [14]:

"The grid is regular if its cells are identical rectangular prisms (bricks)
aligned with the axes."

Any other data, that potentially do not conform to this definition, are considered to be
unstructured. Illustration of grid-like and non-grid-like data can be seen in Figure 5.
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(a) Grid-like data (b) Still grid-like data (c) Non-grid-like data

Figure 5. Examples of grid-like and non-grid-like data. The red dots are sampling points.
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3 Deep Learning

This chapter introduces neural networks and various architectures made for specific data
types. It is by no means a comprehensive overview. It is intended to be a general intro-
duction and description of architectures relevant to this thesis. The full description of the
topic is not possible because of the limited scope of the work.

3.1 Neural networks introduction

Neural networks are a class of machine learning algorithms. They are incredibly power-
ful tools for modelling, forecasting, and classification, with the most basic one being a
Feedforward Neural Network (FNN). The goal of such a network is to find a function f

such as y = f(x, θ), where x is input data and y is the output, for example, a category
for a classification task [15]. θ is a set of learnable parameters, which the network learns
by training.

The term feedforward comes from the fact that in such a network data flows always
forward, meaning there are no feedback connections (such a network would be recur-
rent) [15]. FNNs are networks because the function f is often composed of multiple
functions, for example, as follows:

f(x, θ) = f (1)(f (2)(f (3)(x, θ(3)),θ(2)),θ(1)) (1)

Each of the sub-functions f (1), f (2), and f (3) is called a layer. The network represented
by the equation is illustrated in Figure 6.

The first layer is called the visible (or input) layer. Subsequent layers except for the very
last one are often called hidden layers. The final layer produces the output of the whole
network and as such is called the output layer [15]. The network can be represented by
a computational graph, which must be directed and acyclic for feedforward networks,
similar to Figure 6, which further highlights the notion of the "network".

The simplest type of a FNN is a Multi-Layer Perceptron (MLP). In order to understand,
what an MLP is, it is important to introduce the concept of a single perceptron. A per-
ceptron is a simplified mathematical model inspired by the basic functioning of a neuron.
The workings of a perceptron are described in literature [16] as follows:
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Figure 6. Illustration of data flow in feedforward neural network with respect to Equation 1.

y = fa(
n∑

i=0

wixi + b) (2)

where y is the output of the perceptron, xi and wi are inputs and corresponding weights
ranging from 0 to n, and b is the bias term. The function fa is an activation function, intro-
ducing non-linearity into the term (a simplified representation can be seen in Figure 7a).
Parallel connection of the perceptrons creates a Single-Layer Perceptron (SLP) (Figure
7b), which is also a synonym for a fully connected layer (also known as the linear or
dense layer). Stacking of SLPs creates a MLP architecture, which is an example of a
FNN. With respect to Equation 1, SLP layers correspond to the sub-functions f (i), while
MLP correspond to the final term f(x, θ) [16]. A graphical illustration can be seen in
Figure 7c.

(a) (b) (c)

Figure 7. Illustration of a perceptron (a), SLP (b), and MLP (c). Adapted from [16].

The neural network has to be trained in order to produce reasonable results. The goal of
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the training is to find values of θ in such a way that maximizes the similarity of f(x, θ)
output y with required output y∗ [15]. The problem of similarity maximization is often
formulated as minimization of error. In order to calculate the error, a loss function must
be defined, such as mean squared error for regression tasks or categorical cross-entropy
for classification tasks. The problem of finding the optimal parameters θ∗ can be then
formulated as:

θ∗ = argmin
θ

N∑
i=0

loss(f(xi, θ), yi) (3)

where N is the size of the training dataset, xi and yi are input data and desired output
from the dataset, respectively, and loss is a loss function of choice.

The training data provide rough approximations of the desired final function evaluated
at different points. These samples are used in the training process, which is iterative
and exploits the gradient of the function to estimate the best values for function pa-
rameters θ. The most used algorithm for estimating the function gradients is called
back-propagation [15]. The back-propagation computes the chain rule of calculus while
traversing the neural network in a backward manner, which is much more efficient than
the evaluation of the analytical expression for the network gradient. After the gradients
are calculated, the parameters θ are updated using an algorithm such as stochastic gradient
descent.

3.2 Architectures for structured data

Besides previously mentioned MLP, many other architectures suitable for structured data
exist. The most widely used are Convolutional Neural Networks (CNNs) and Deep Be-
lief Nets (DBNs). The presented examples are not exhaustive, as other architectures are
appropriate for structured data as well. However, these are not relevant to this thesis, and
as such, they are not described here.

Convolutional neural networks

Convolutional neural networks are perhaps the most widely used kind of neural networks
for image processing. Their applications are not constrained to images, however. They
are suitable for all data that have known, grid-like topology. They introduce two new
types of neural layers: convolutional layers and pooling layers [15].
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The convolutional layer, unsurprisingly, performs convolution on the data. Convolution
(denoted with asterisk ∗) can be defined for 1-dimensional data as well as for multidimen-
sional data. For example, for 2D data, the convolution is defined as follows [15]:

S(i, j) = (I ∗K)(i, j) =
h∑
m

w∑
n

I(i−m, j − n)K(m,n) (4)

where I are 2D data (e.g. greyscale image), K is a 2D kernel, i, j are the coordinates
of a concrete data point and h and w are dimensions of the kernel. Benefits of using
convolutional layers include sparse interactions, parameter sharing, or equivariant rep-
resentations [15]. Convolutional layers work as feature extractors for the convolutional
layers. For example, filters in the first convolutional layer of AlexNet [17] work among
others as edge and corner detectors (Figure 8 [18]).

Figure 8. Visualized filters from the first layer of the AlexNet [18].

Pooling layers replace input data at a certain location in some range (for example rect-
angular area) with some summary statistics about it, such as maximum or mean. Pooling
enables the output to be invariant to slight translations of the input, improves computa-
tional efficiency, and reduces memory requirements [15].

As is usual for neural networks, the aforementioned layers are often stacked, making
a deep neural network. Various configurations of layers lead to different architectures
suitable for different computer vision tasks. These include VGG-16, U-Net, or You Only
Look Once (YOLO), all of which are briefly described below.
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• VGG-16 - VGG is an architecture of a neural network originally created for object
classification and localisation by the Visual Geometry Group at Oxford University.
Multiple variants exist, such as VGG-16 and VGG-19, where the number denotes
the layer count in the network. It is composed of a series of convolutional layers
with 3x3 filters, followed by pooling layers, with fully connected classification lay-
ers at the end [19]. Illustration can be seen in Figure 9 [20]. The simplicity and
good performance of the architecture make it a popular choice for many machine
learning tasks even today.

• U-Net - Originally introduced in [21] in the year 2015, U-Net is an architecture
designed for biomedical image segmentation. It is composed of a contracting path
(not dissimilar to a VGG), which captures context, and an expansive path, which
enables the actual segmentation (assigning labels to each pixel, in original paper
termed localisation). The architecture (illustrated in Figure 10) is symmetric and
has skip connections between layers of the same size, which helps to preserve spa-
tial information. From its inception, U-Net has been widely used in various image
segmentation tasks, not only in the biomedical field.

• YOLO - This architecture is made for yet another computer vision task - object
detection. As the name suggests, the network processes each image only once,
producing bounding boxes and probabilities for each class in a single pass, which
contrasts with other methods like R-CNN [22]. The network is composed of con-
volutional layers, with the last layer being a fully connected one, outputting the
bounding boxes and probabilities [23], as depicted in Figure 11 [23]. Various
versions have been created since its introduction, with the latest currently being
YOLOv9 [24].

In summary, CNNs have become the de facto standard in image processing using neural
networks. They excel in tasks involving visual data, such as classification, image recog-
nition, and object detection. However, they are not restricted to computer vision tasks, as
they are also widely utilized for example in natural language processing tasks [25].

Deep belief networks

The DBN is a type of neural network, which is composed of Restricted Boltzmann Ma-
chines (RBMs). An RBM is a generative stochastic neural network with the ability to
learn a probability distribution over its set of inputs. RBMs have been successfully used
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Figure 9. Example of a CNN. The architecture shown is VGG-16 introduced in [19]. The image
was taken from [20].

Figure 10. Illustration of the original U-Net [21].
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Figure 11. YOLO architecture [23].

in multiple tasks, including dimensionality reduction, feature learning, classification, and
multimodal data fusion [26] [27].

An RBM is a layered model with two types of layers: visible and hidden. The layers
consist of units that are fully connected between layers, however, there are no intra-layer
connections. Associated with units are binary weights, which can be written in the matrix
W . The matrix is of size m×n, where m is the number of visible units and n is the number
of hidden units. Besides weights, bias values are also associated with both layers, a for
the visible layer and b for the hidden one. Contrary to the conventional neural networks,
the model is trained using the contrastive divergence [28] method. Moreover, the model is
energy-based, meaning it uses the energy function to calculate the probability distribution
between the visible and hidden layers. The probability distribution P over the input x is
calculated using the equation

P (x, h) =
e−E(x,h)

Z
(5)

where x and h are the visible and hidden layers, respectively. E is the aforementioned
energy function and Z is the normalizing function, both of which are in the following
forms:

E(x, h) = −
∑
j

ajxj −
∑
i

bihi −
∑
j

∑
i

hiwijxj (6)

Z =
∑
x

∑
h

e−E(x,h) (7)

where wij is the weight representing connection between, aj and bi are biases of visible
and hidden layer respectively. Variable xj is the value of a visible unit and hi value of a
hidden unit [29] [27].
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Deep belief net is composed of such RBMs, hidden layers of the first layer being a visible
layer of second RBM, hidden layer of second being a visible layer of third RBM, and so
on. A graphical explanation can be seen in Figure 12.

Figure 12. RBM on the left, with visible and hidden layers highlighted. DBN on the right, the
orange rectangle means an instance of an RBM.

Many models utilizing DBNs have been created to date. They have been used to solve
tasks like Alzheimer’s disease diagnostics, human body pose estimation, face recognition,
and more. DBNs are used to transfer modality-specific representations into the shared
spaces, over which the joint probability distribution is modelled. While DBN based mod-
els excel at capturing the informative features, they generally lack an understanding of
temporal and spatial data properties [27].

3.3 Architectures for unstructured data

Unstructured data are data that do not have a grid-like structure. Examples of such data
are point clouds, graphs, or other measurements with variable sampling points. In this
section, the most used approaches for processing such data using neural networks are
presented. The presented examples are not exhaustive.
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Conversion to structured data

One of the more obvious methods of processing unstructured data, for example, point
clouds, is to transform them into some kind of structured data. This is usually done
using voxelization or projection. Voxelization converts 3D data to a 3D grid, on which
a 3D CNN can be applied [30] (Figure 13 [31]). This approach can be generalized to
other-dimensional data, where grid-discretization is applied to the data and subsequently,
the data are treated as structured data. This approach works reasonably well, however,
depending on the dimensionality of the data, the memory and processing requirements
scale not too well. For example, for 3D data, the requirements grow cubically.

Similar approaches that intend to alleviate this flaw utilize hierarchical structures like
KD-trees and octrees to efficiently encode the input data [30].

Methods based on the projection to another structured representation are, for example,
multi-view-based methods for point clouds that exploit the projection of the 3D shape
into multiple views, which are subsequently used for further processing. The goal of
these methods is to extract features from the views and fuse them into a global descriptor.
Spherical Fractal Convolutional Neural Network (SFCNN) [32] utilizes projection onto a
sphere discretized with an icosahedral lattice.

Figure 13. Voxelization of a point cloud [31].

Pointwise MLP

Neural Networks (NNs) implementing pointwise MLP are able to directly process point
clouds without any preprocessing steps. Qi et al. [33] created the PointNet, the first
NN of its kind using this approach. PointNet uses several MLPs to extract pointwise
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features from each point, after which a max-pooling is used to extract global features.
An illustration can be seen in Figure 14 [30]. This approach has shown to be promising,
however, because of independent point processing, the local structural information was
not captured. PointNet++ [34] alleviated this problem using a hierarchical variation of
this network.

Many other architectures based on PointNet have been created, such as Point Attention
Transformers [35], PointWeb [36], and more. An excellent overview can be found in [30].

Figure 14. Simplified PointNet architecture [30]. n and M denote the number of input points and
dimension of learned features, respectively.

Continuous convolution

Instead of discretizing the given space, certain methods opted for defining the convolu-
tion in continuous space, demonstrated in Figure 15 [30]. Wang et al. [37] proposed a
parametrized continuous convolution, which spans the full continuous vector space. A
similar approach created by Boulch et al. [38] defines continuous convolution in the unit
sphere. Liu et al. [39] created a Relation-Shape Convolutional Neural Network (RSCNN),
which uses Relation-Shape convolution to extract discriminative shape information from
a spherical neighbourhood of a given centre. As per usual, many other approaches ex-
ist [30], as this field is actively being researched with encouraging results.
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Figure 15. Illustration of a continuous convolution [30].

Graph Neural Network

Graphs are another type of approach for possibly unstructured data. While not necessarily
unstructured (for example, the image can be looked at as a graph with edges connecting
nodes representing pixels to neighbouring nodes [40]), in general, the graphs certainly can
be unstructured. As such, methods have been created to process such data using neural
networks.

A graph can be defined as a collection of entities (nodes or vertices) with relations between
each other (edges). Both nodes and edges can have specified an embedding, representing
some additional data associated with a given node or an edge. Additionally, global (master
node) embeddings can be specified for information regarding the graph as a whole. Edges
can be directed or undirected [40].

Graph Neural Network (GNN) applies a differentiable model (like MLP) to each of the
mentioned graph components (nodes, edges, and global embeddings), transforming them
into a new graph. Data integration between neighbouring nodes (or edges, but not node to
edge or edge to node) is facilitated by pooling [40]. Similar to the convolution in CNN, for
items to be pooled data are first gathered and then aggregated by a function, the simplest
of which are sum or mean.

In order to combine information from different parts of the graph (e.g. edges to nodes),
a message passing layer is used. It gathers neighbouring nodes/edges embeddings, ag-
gregates them using the aggregate function (e.g. sum), and finally the data are passed
through the update function, which can be for example another MLP [40]. An illustration
of a simple GNN can be seen in Figure 16.
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Figure 16. Example of a simple GNN [40].. Un, Vn, and En represent global, node, and edge
attributes at the n-th layer, respectively. In the message passing layer, vertex attributes are first
pooled and then integrated with edge attributes. Subsequently, edge attributes are integrated into
the vertex attributes in a similar fashion. Attributes are then passed through the update function.

Because of the high flexibility and applicability of graphs, it is not a surprise that the archi-
tectural landscape of GNNs is quite diverse. Variants include Graph Convolutional Net-
work (GCN), Graph Attention Network (GAT) and Graph Isomorphism Network (GIN).

• GCN - CNNs have been proven to be a powerful tool for image processing and
computer vision tasks. The GCN is an adaptation of this architecture for graph
data. Introduced in [41], it uses a localized first-order approximation of spectral
graph convolutions to process node features as well as a local graph structure.

• GAT - With the rise of attention mechanism in sequence-based tasks [42] [43], re-
searchers started to explore the possibilities of using it in other domains and GNNs
were no exception. GATs [44] use self-attention to process node neighbourhood
and improve the previous spectral-based architectures. The attention mechanism
allows the network to focus on the most important nodes in the neighbourhood,
which can be beneficial in various tasks.

• GIN - While graph features (be it node, edge, or global features) are certainly im-
portant, graph structure may provide a lot of information as well. Xu et al. [45] in-
troduced GIN, an architecture designed to be as powerful as the Weisfeiler-Lehman
graph isomorphism test with regard to the ability to differentiate between non-
isomorphic graphs.

To sum up, GNN is a powerful and versatile architecture made for the processing of
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unstructured data and was successfully used in various tasks like protein folding [46],
physics simulation [47], recommendation systems [48], and more [40].

3.4 Sparse data features

Another property of data that is important to mention is data sparsity. Sparse data can
be both structured and unstructured. An example of sparse structured data would be for
example spectral measurements with respect to an image, where spectral measurements
are taken in a grid-like fashion but much more infrequently, whereas unstructured would
be such data that do not follow any grid pattern, e.g. point clouds.

Sparsity in unstructured data usually does not need to be specially handled, as there is
generally no notion of a missing sample since there is no reason to expect a sample some-
where in the first place. However, when considering structured sparse data, the situation
changes. Traditional CNNs are ill-suited for handling sparse data, as they are ineffi-
cient and affect data in undesirable ways [49]. As such, various methods were devised
that improve the efficiency of working with sparse structured data, like sparse convolu-
tions [50] [49].

Another consideration to be made is, that structured sparse data can be transformed into a
point-cloud or graph representation, which allows for the usage of different NN architec-
tures. See, for example, [40], where it is shown that the image can be transformed into a
graph representation.
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4 Data fusion for segmentation

Many approaches to data fusion exist and the choice of the method is highly dependent
on the data modalities, their structure, and the task at hand. This chapter aims to pro-
vide a brief introduction to the concepts of image segmentation, multimodal data fusion,
and deep data fusion for segmentation. It is not an encyclopedic overview, as the size
constraints do not allow it.

4.1 Image segmentation

One of the most important tasks in computer vision is image segmentation. It involves
dividing the image into multiple parts (or segments), where each segment should have
some distinct contextual significance. Segmentation can be seen as a procedure assigning
each pixel a label, which conveys its semantic meaning. If the result of the segmentation is
only a semantic label (for example, a car, sky, a person), the segmentation is considered to
be semantic. If, on top of that, the segmentation partitions objects, not only the semantic
labels (for example car_1, car_2, person_1, . . . ), it is an instance segmentation [51]. One
can consider even the combination of the two when segmentation partitions into classes
where "an instance" does not have a meaning (for example a sky), and into classes where
instancing makes sense (car_1, car_2, . . . ). Segmentation of this type is called panoptic

[51]. Figure 17 illustrates differences between different kinds of segmentations.

The importance of image segmentation lies in its ability to enable and/or enhance the ac-
curacy and efficiency of subsequent tasks, such as object recognition, tracking, and scene
understanding. By segmenting an image, complex visual data is organized into more man-
ageable components, facilitating the extraction of valuable insights and information. This
process is vital in various applications, including medical imaging, autonomous vehicles,
satellite imagery analysis, and augmented reality [51].

Modern segmentation methods built on neural networks encompass a diverse range of
techniques, such as encoder-decoder architectures (which often leverage CNNs) to pro-
gressively extract and refine features before reconstructing the segmented output. U-
Net [21], already described in Section 3.2, is a widely adopted variant of this architecture.
It features skip connections between the encoder and decoder parts of the network to pre-
serve spatial information and enhance segmentation accuracy. SegNet [53], on the other
hand, employs an encoder-decoder framework with a focus on efficient memory usage
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(a) Example image. Courtesy of U.S. Fish and
Wildlife Service Northeast Region [52]. (b) Semantic segmentation.

(c) Instance segmentation. (d) Panoptic segmentation.

Figure 17. Visualization of different kinds of segmentations.

through the integration of pooling indices during downsampling. Additionally, for in-
stance segmentation, methodologies such as Mask R-CNN [54] have been devised. Mask
R-CNN is built on top of Faster R-CNN (created for object detection), and extended with
object mask prediction. For panoptic segmentation, an example is YOLO-panoptic [55],
extending YOLOv3 with semantic and instance segmentation branches.

4.2 Multimodal data fusion

The task of multimodal data fusion has been researched since the first half of the 20th
century [6]. Since then, a great number of fusion methods have been devised, approaches
ranging from statistical methods [56], through tensor decompositions [6] to deep learning
[27] [3] [1].

As of the current state-of-the-art, no single widely used method of fusing data exists.
All approaches are very use-case dependent and developed for specific combinations
of modalities, datasets with specific properties, and so on. This is due to all the chal-
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lenges multimodal data contains, such as non-commensurability, variations in the struc-
ture, noise, etc [6]. More on the topic in Chapter 2.

Contemporary multimodal data fusion approaches concerning image segmentation are
quite often neural-network-based. While there are some exceptions [57] [58], this chap-
ter focuses on NN-based methods due to their success and versatility in various tasks,
including image segmentation.

With data fusion arises a question: when should data be fused? Some modalities allow for
direct concatenation [59] or just integration using multiplication [3] of different modali-
ties, for example, RGB-D data. Data can be fused a bit later, after feature extraction, for
example via concatenation of feature vectors [60]. Furthermore, data fusion can be in a se-
mantic space of unimodal features, in their latent representation. Various categorisations
exist for fusion methods. In this thesis, a taxonomy described in [61] is adopted.

The categorization of fusion methods according to the fusion stage is as follows:

• Early fusion - raw data or their features are fused, usually via concatenation

• Late fusion - each modality is first processed in its own branch and data fusion is
performed at the decision-level

• Hybrid fusion - methods aiming to combine strengths of both early and late fusion
methods

Visual representation of methods can be seen in Figure 18 [61]. Early fusion methods
allow for optimal integration of information from different modalities, because the fact
that modalities are processed together emphasizes cross-modal information interaction.
Late fusion methods process modalities separately, which provides better scalability and
flexibility, however, the importance of cross-modal correlation may be insufficient. Hy-
brid methods attempt to combine the best of both worlds, which may reflect on execution
time [61].

4.3 Deep data fusion for segmentation

Data fusion has been widely applied in image segmentation tasks. Majority of contem-
porary methods utilize neural networks, which can be also categorized as illustrated in
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Figure 18. The purpose of this section is to provide a brief introduction to different NN
architectures for image segmentation utilizing data fusion, as well as showcase the repre-
sentative models from each category.

Early fusion

In this category, data are fused in their raw form or at the feature level [61]. Raw-form
fusion was utilized for example by Couprie et al. [62], which is the first attempt at deep
multimodal fusion. Possibilities of the RGB + sparse depth data fusion using direct chan-
nel concatenation were explored by Jaritz et al. [4], with capability for both semantic
segmentation and depth completion.

Feature-level fusion is often done by encoding both modalities separately in respective
encoders, with cross-modal interactions in the encoding stage, as seen in Figure 19. Such
a method is used in the FuseNet [63] with RGB-D data. RGB and thermal data fusion
was explored by Sun et al. [5].

Figure 19. Illustration of one type of early fusion networks. Each modality is encoded separately,
but the separation process is conditioned by cross-modality interactions (blue arrows). Encoder
outputs are then fused and processed by a single decoder.

Late fusion

The paradigm of late fusion is to integrate the feature maps of modalities at the decision
level. Thus, the data must be processed separately, similar to Figure 19 but without the
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cross-modal interactions.

A representative sample of this category is for example work by Gupta et al. [64]. Two
separate neural networks are used to extract features from RGB and depth data, which
are combined by Support Vector Machine (SVM). PIF-Net by Guo et al. [65] is another
example of such a network, adapted for image and point cloud fusion, capable of semantic
segmentation for both input modalities.

Hybrid fusion

As mentioned previously, hybrid fusion methods are meant to alleviate the shortcomings
of early and late fusion methods. Usually, skip connections are employed to bridge the
encoders and a decoder, to improve the segmentation performance. An example of such
architecture can be seen in Figure 20 [66], which is extracted from the article by Seungy-
ong et al. showcasing the architecture of RDFNet. An alternative example can be seen in
work by Fang et al. [67], where hybrid data fusion is used to segment brain tumours from
Magnetic Resonance Imaging (MRI) modalities.

Figure 20. Example of hybrid fusion architecture. The network diagram is that of RDFNet from
[66], where skip connections bridge the gap between encoders and a decoder, allowing the usage
of information from all encoding stages.
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5 Framework for data fusion

In this section, a general framework for the fusion of image and non-grid-like data is pro-
posed. The framework is designed to be as general as possible, with a modular structure
that allows for customization and combination with various other methods. This solution
was designed to be flexible, easily expandable, and modular, in order to allow for usage
of it with various modalities and for various tasks. The exploration of a new approach
was also part of the motivation for this work, as to the author’s knowledge this approach
has not yet been tried.

5.1 Goal setting

The objective of the thesis is to create a general framework for the segmentation of an
image using image data and non-grid-like data. The multitude of available methods pro-
vides a good selection of tools to choose from, however, the approach is most often very
data-dependent. Since the nature of the task is very complicated, the proposed framework
should focus on the following challenges:

1. The solution should be able to handle datasets with different structures.

2. Connected to the thesis is also the handling of missing values, as a dataset with
missing values can be looked at as a dataset with a non-uniform structure and no
missing data.

3. More often than not, the data considered here are non-commensurable. As such,
non-commensurability will have to be focused on as well.

5.2 Framework description

The overview of the framework is depicted in Figure 21. It revolves around a joint rep-
resentation of both modalities as a graph, and data fusion by a graph processing tech-
nique. While the graph processing step may be sufficient for the whole segmentation,
experiments showed that the selected graph processing method may not have the abil-
ity to extract necessary information from the data. Because of that, the framework as
such contains optional blocks for additional feature extraction or other purposes, such as
dimensionality reduction. A brief description of Figure 21 follows:
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• Graph construction - A graph is constructed from both modalities, serving as a
joint intermediate representation.

• Graph processing - The graph is processed by a method, the task of which is to
fuse data and produce either a segmentation result or fused data representation.
Various approaches can be used, for example, GNNs or Graph Grammars [68]. In
this work, a Graph Attention Network (GAT) was used.

• Grid extraction - Since the task in this thesis is image segmentation, the graph part
representing the image is extracted from the graph.

• Optional processing step - The optional blocks may accommodate any method,
that processes the respective data format. For example, in Section 6.4, an optional
block is used for dimensionality reduction, or in Section 6.5, a U-Net was used to
extract features from the image.

Figure 21. Proposed framework.

The framework allows for both early fusion and a variant of late fusion. If pre-graph stage
optional processing blocks are substituted with feature-extraction blocks, the framework
is akin to late fusion, whereas if just the post-graph stage one is used, an early fusion
is performed. All optional processing blocks can be omitted, as the graph processing
method in itself may be enough to extract the relevant information, as shown in Section
6.4.
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5.3 Transformation to a grid-like representation

Since the final goal is image segmentation, the result of the fusion framework must be
grid-like and in the same shape as the image has been. Thus, a method for the transfor-
mation of the non-grid-like data into a structured form must be devised.

Furthermore, the proposed method assumes that there exists a spatial relationship between
modalities and that both modalities are aligned. For example, in the case of image and
depth data, it is assumed that the depth measurements correspond to the same spatial lo-
cations as the image pixels. This alignment allows for a meaningful fusion of the two
modalities, as the spatial relationships can be leveraged to improve the segmentation re-
sults. Because of these assumptions, the method presented is not meant to be applicable
to modality pairs such as image and text, image and sound, etc.

There are multiple ways how to transform the non-grid-like representation into a struc-
tured form. For example, by interpolation or by aligning to the grid and filling with zeroes
where data are unknown. In order to stay as general as possible, a decision was made to
represent both modalities in a joint form using a graph. This allows for the exact spatial
representation which also allows for "weighing" of sample points with respect to each
other. This can be achieved by assigning graph edges connecting points a number ex-
pressing how likely are those measurements correlated. After the graph processing, the
part originally representing the image would be extracted, resulting in a grid-like repre-
sentation.

Edge construction

Edges of the graph should be constructed in such a way, which allows for the optimal
leveraging of spatial relationships between data nodes. Because of the properties of
modalities, the edges can be split into three subgroups:

• Edges between nodes of the image

• Edges between nodes of the second modality

• Edges between nodes of both modalities

Edges between data nodes of the image are perhaps the most simple ones. As the image
is always structured, the direct solution is to create edges connecting neighbouring pixels
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in 4 or 8-neighbourhood. Here, a choice was made to utilize the 8-neighbourhood, as
illustrated in Figure 22.

Figure 22. Illustration of edge construction in the image modality. Green points represent image
pixels, and lines between points are edges.

The second modality is unstructured, which greatly complicates the graph creation pro-
cess. The options considered were to construct a graph using a k-Nearest Neighbours
(kNN) graph [69] or to create edges using Delaunay triangulation [70].

• kNN graph - for each node, edges are formed to k other, most similar nodes [69].
In this case, the similarity measure is Euclidean distance.

• Delaunay triangulation - while not exactly a graph construction method, it can be
used as such if we consider graph nodes to be points in space. Delaunay triangu-
lation is a method of creating a triangulation of a set of points, where no point is
inside the circumcircle of any triangle. It maximizes the smallest angle in any of
the triangles [70], which leads to a more uniform distribution of edges.

Examples of triangulation using both approaches can be seen in Figure 23. It was decided
to use Delaunay triangulation, as it produces a much cleaner graph with edges spread all
around most of the points, which allows for simpler usage of information from diverse
neighbourhoods.

The last type of edge should create edges between nodes of different modalities, which
are spatially close to each other. For the sake of conciseness, let the graph representing
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(a) Graph constructed using 8-nearest neighbors.
(b) Graph constructed with Delaunay triangula-
tion.

Figure 23. Different types of graph constructions.

the first (image) modality be denoted by M1, and the graph representing the second (un-
structured) modality be M2. The edge creation process begins by placing both graphs
into a one-higher dimensional space, where the added dimension coordinate was chosen
to be 0 for M1 and 1 for M2. Next, an edge is created for every node of M1 with the
closest node of M2. To ensure that no point is left without an edge, the same is done vice
versa, and duplicates are later deleted. Moreover, edges are added an attribute (or weight),
in the form of its Euclidean distance between connected nodes. Figure 24 illustrates the
resulting graph.

Node attributes

In order to properly utilize all available information, the nodes need to contain the data
they represent. Because of the possible non-commensurability of modalities, there is no
straightforward approach for the representation of both modalities in a single graph. Two
main possibilities were considered.

1. Heterogeneous graph - two types of nodes would exist, one for each modality

2. Zero padding - features from both modalities would be concatenated, filling zeroes
to places where data from either modality is not available.

The second option was chosen, because of its relative simplicity and the fact that it allows
for the usage of the same algorithms as in the case of the homogeneous graph. To illus-
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Figure 24. Illustration of a fully constructed graph with edges between both modalities. Green
points represent the image, and red points the other modality.

trate, in the case of the RGB-D data, the image part of the graph nodes would contain a
tuple (r, g, b, 0), where r, g and b are the values of the respective image channels. The
nodes of the graph representing the depth layer would contain tuple (0, 0, 0, d), where d

is the depth measurement.

5.4 Graph processing

The graph representation is fine, but useless in itself if it is not processed. In this work,
a GNN was used to process the graph. A choice was made to utilize GAT, because of its
ability to capture spatial relationships between nodes, as well as the expectation that the
attention mechanism would be able to distinguish between important and less important
graph edges. Even though in this thesis only GAT was used, the method is not restricted to
this architecture, any graph processing technique can be used. The output of the process-
ing can be a joint representation of modalities, an augmented version of a single modality,
or even direct segmentation. The part of the graph representing an image is to be extracted
after the processing, obtaining a grid-like representation of data or a result.
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5.5 Framework summary

The proposed framework is designed to be as general as possible, with a modular structure
that allows for customization and combination with various other methods. The frame-
work is based on a graph representation of both modalities, with edges constructed to
leverage spatial relationships between data nodes. The graph is then processed using a
graph processing technique, such as a GAT, to obtain a fused representation of the modal-
ities. The framework allows for both early and late fusion, as well as the incorporation
of additional processing blocks for feature extraction or other purposes. The final output
of the framework is in this case a grid-like representation of the data extracted from the
graph, suitable for image segmentation.
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6 Experiments

Multiple experiments were conducted to evaluate the proposed framework. Two datasets
were used, each from a completely different field with independent use cases. The exper-
iments were performed to find out how well the method works under various conditions,
with data that have diverse characteristics. Experiments show the potential of the solu-
tion, producing excellent results on the mineralogy dataset, although the second experi-
ment with timber data failed to deliver an improvement compared to the baseline solution.
Nevertheless, the evaluation results demonstrate the capabilities of the method and show
that the thesis objectives have been fulfilled.

In this chapter, the datasets are introduced, followed by the evaluation criteria and tools
used. Lastly, the experiments and results are described and presented.

6.1 Data

The proposed solution was tested on two independent datasets. The first one is a min-
eralogy dataset, which contains Energy-Dispersive X-Ray Spectroscopy (EDS) data and
greyscale image data from Backscattered Electrons (BSE). The second dataset is a timber
dataset, which contains RGB and depth data.

Mineralogy dataset

The dataset contains a scan of a quartz sample from the Pitinga deposit. The original
source of the dataset is [71]. The scan was performed with a Scanning Electron Micro-
scope (SEM) Tescan TIMA. It contains various modalities, of which two were used: BSE
measurements and EDS spectral measurements. The dataset contains 1596 measurements
of the various non-intersecting locations on the sample. Each measurement has a 150x150
pixel big BSE image (one channel), with corresponding EDS spectrum for each pixel. The
spectrum represents photon energies from 0 to 30 000 eV in 10 eV wide channels, so a
single spectrum is an array of 3000 channels per pixel. An example of such a spectrum
can be seen in Figure 25. Furthermore, the samples underwent liberation analysis in Tes-
can TIMA software, producing a mineral phase map of the sample. The map contains
segmentation of the BSE image, segmenting the minerals in the sample, which was used
as a ground truth for the segmentation task. In the whole dataset, there are 50 distinct
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classes of minerals. Illustration of BSE image with corresponding segmentation can be
seen in Figure 26.

One thing to note is that in a few cases, the measurements may be invalid. For example,
when an edge of the sample is scanned, the spectral measurements from "beyond the
edge" are not valid and may not contain any data at all. These areas were excluded from
the evaluation.

Figure 25. Example of a single pixel EDS spectrum.

(a) Example BSE image from the dataset. (b) Mineral segmentation for the image.

Figure 26. Example BSE image with the segmentation.

Modalities description BSE images are acquired quickly, but their big disadvantage is
that they do not contain as precise information about the sample chemical composition
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as EDS data. A BSE pixel value is dependent (among other things) on the mean atomic
number Z of the scanned sample [72]. This creates a contrast in the image in places where
the Z is different, which, however, is not the case for every different material. On the other
hand, EDS data provide much more detailed information about the material composition,
but the time requirements for acquiring this modality are much bigger. For this reason, the
acquired EDS data are often sparser than the BSE data. Data fusion of these modalities
can provide a more complete picture of the sample with sparser data, as both modalities
can potentially benefit from each other.

Timber dataset

This dataset contains seven scans of sawn timber made from Scots Pine trees. The modal-
ities present are the RGB images of the timber, as well as sparse heightmaps and masks,
which mark the locations of knots on the timber. Modalities were acquired by scanning
the timber, which was rotated around its lengthwise axis. The data were then stitched
together, creating the resulting RGB image and a pointcloud. The pointcloud was then
projected on the image, creating a sparse heightmap (approximately 9 times sparser than
the image). The ground truth (knot mask), was acquired from X-Ray Computed Tomog-
raphy (CT) scan, acquired in the same laboratory setup. The output of the CT scan was
used for internal timber structure reconstruction, from which in turn the knot mask was
generated. The modalities were aligned prior to their usage in any model.

An example from the dataset can be seen in Figure 27. The width of images is 1256px
and the height is between 487 and 564px, depending on the timber height.

6.2 Evaluation criteria

The metrics were selected to quantify the performance of models in concrete tasks, in
order to create a fair comparison with reference models. The evaluation was done using
standard metrics for segmentation tasks. The metrics used, depending on the experiment,
were Recall, Precision, F-1 Score, Intersection over Union (IoU) and Receiver Operating
Characteristic (ROC) curve. All of the mentioned metrics are based on items from the
Confusion Matrix. A confusion matrix is a table that is often used to describe the perfor-
mance of a classification model on a set of data for which the true values are known. The
confusion matrix consists of four parts: True Positive (TP), True Negative (TN), False
Positive (FP) and False Negative (FN) samples. The definitions of these terms are as



44

(a) RGB image

(b) Sparse heightmap

(c) Mask

Figure 27. Modalities for log number 1. The scan represents vertically placed timber, meaning
that the y-axis represents the height and the x-axis the place on the circumference.
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follows: TP is the number of correctly predicted positive samples, TN is the number of
correctly predicted negative samples, FP is the number of incorrectly predicted positive
samples and FN is the number of incorrectly predicted negative samples. The confusion
matrix is shown in Table 1. Note, that while the illustrated confusion matrix is for binary
classification tasks, but similar approach can be applied to multiclass classification. A
metric needs to be calculated for each class independently, effectively treating the prob-
lem as a binary classification problem for each class. Optionally, the results can be then
reduced to a single value, for example using average or weighted average.

Table 1. Confusion Matrix for binary classification.

Predicted

Positive Negative

A
ct

ua
l Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)

Recall

Recall (also known as Sensitivity or True Positive Rate) measures the ability of the model
to capture the positive instances. It is defined as:

Recall =
TP

TP + FN
(8)

Precision

Precision (also known as Positive Predictive Value) measures the relevancy of positively
classified instances. It is defined as:

Precision =
TP

TP + FP
(9)



46

F-1 Score

The F-1 Score is the harmonic mean of Recall and Precision. It is defined as:

F-1 Score = 2× Precision × Recall
Precision + Recall

(10)

IoU

IoU (also known as the Jaccard Index) is a measure of the overlap between the predicted
and ground truth masks. It is defined as:

IoU =
TP

TP + FP + FN
(11)

ROC

ROC curve is a graphical representation of the performance of a binary classification
model. It is created by plotting the True Positive Rate (Recall) against the False Positive
Rate for different threshold values. The area under the ROC curve is a measure of the
model’s performance. The area under the curve is 1 for a perfect model and 0.5 for a
random model.

The false positive rate is calculated as:

FPR =
FP

FP + TN
(12)

Connected to the ROC is Area Under the Receiver Operating Characteristic (AUROC),
which is another measure of the model’s performance. A value of 1 is typical for a perfect
model while 0.5 is typical for a random model.
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6.3 Implementation details

Implementations of the framework were done in Python 3.9, with PyTorch [73] and Py-
Torch Geometric [74]. For training a library PyTorch Lightning was utilized [75]. The
mineralogy dataset loading was done with a modified code published with [1]. Graph con-
struction was done with the help of SciPy library [76]. Evaluation metrics were calculated
with the TorchMetrics library [77].

6.4 Experiment: EDS + RGB dataset

The first experiment was done on the mineralogy dataset. Since the dataset contains
spectral measurements that are, in fact, structured, it had to be preprocessed to simulate
unstructured modality. First, a parameter was chosen that described a fraction of the
spectral data that should be utilized. According to the parameter, random spectral data
points were chosen for further processing. This simulates the process where a small
set of randomly selected spectral measurements are made to speed up the measurement.
Because of the randomness, the structured nature of the data was effectively removed.
Furthermore, this process was done for each invocation of the getter method, leading to
a new random spectral data selection. This allowed for better utilization of the provided
data and worked as a measure against overfitting of the model.

The dataset was split into training, validation and testing sets, with 80% of the data used
for training, 10% for validation and 10% for testing.

Framework implementation

For this framework implementation, one optional processing step was used. The EDS
modality is quite large (3000 channels), especially in comparison to the BSE modality.
This would lead to a higher computational and memory cost for training as well as for
inference. Because of this, an embedding network by Juranek et al. [1] was employed
for dimensionality reduction. The network reduces dimensionality from the original 3000
channels to 64 channels while preserving the most important information. The dataset
implementation illustration can be seen in Figure 28.

Graph construction was done as previously described. As a graph processing method, a
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GAT was utilized. The network contained 3 layers, each with 16 hidden channels and 2
attention heads. Moreover, while processing the graph, self-loop edges were added with
weight 0 in order to allow the node to pass messages to itself with the highest priority. The
last layer output was a 50-channel vector for each pixel, each presenting a single mineral
class from the dataset. While training, the BSE modality was left complete and without
change, while the EDS modality was decimated to contain anywhere between 0% to 70%
of original data.

Figure 28. Implementation of the framework for mineralogy dataset. One optional part was used
for dimensionality reduction of the EDS modality.

Results

The trained model exhibits clear signs of successful data fusion. Example outputs can be
seen in Figure 29. The Figure shows the input BSE image, as well as the ground truth for
the modality pair. The rest are generated segmentations with different percentages of EDS
modality used. It can be seen, that segmentation produced with just 0.1% of EDS data is
extremely rough, but the results are quickly improving with added data. The results are
shown in Figures 31, 32 and 33. It is shown, that the model is able to learn from the EDS
data, as the performance of the model increases with the percentage of EDS data. With
only 1% of EDS data, the model can achieve quite high rankings in all evaluation metrics.
With added data, the performance increases quite sharply in a logarithmic fashion, which
agrees with the expectations. Note that the X-axis is not linear.
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Figure 29. Visualization of outputs of the framework. The top left is BSE image, to the right of it
is the ground truth, and other images are outputs with various percentages of input EDS data.

Figure 30. A singular example of a prediction made with 1% of the EDS data. Green points on
the image show locations of EDS measurements. The magenta frame highlights a class that was
entirely missed by the prediction. The green one shows the area where the prediction is remarkably
precise. The blue frame shows an interesting example, where EDS data barely missed one class
and prediction was to able to infer it correctly. The red highlight marks an area that contains two
classes nearly indistinguishable on the BSE image and as a result, the border between classes is
quite smooth.
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Figure 31. Recall of the implemented framework with different EDS percentages.

Figure 32. Precision of the implemented framework with different EDS percentages.
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Figure 33. F-1 score of the implemented framework with different EDS percentages.

Comparison with GDLS

Moreover, a comparison with the Graph-based Deep Learning Segmentation (GDLS)
method described in [1] was done. The GDLS works similarly in a few ways but is based
around Markov Random Field segmentation. EDS data are first embedded into a lower
dimensional space using a CNN (which was used in this solution as well), then a graph is
constructed from the EDS data locations and data relevant to these locations. The graph
is then processed, disconnecting edges with substantial dissimilarities. The results of this
processing are labelled segments which mark components made out of the same material.
Finally, the Markov Random Field is run on a fully connected grid of BSE measurements
initialized with labels from the previous section. The result is a segmented BSE image.
The segments denote parts of the image with the same material, however, it does not tell
what material. To classify these segments into mineral phases, additional processing is
required.

It is important to note that various assumptions had to be made in order to make methods
comparable. First of all, as mentioned previously, GDLS produces segments without any
semantic meaning, whereas the proposed method provides direct segmentation to mineral
phases. To alleviate this problem, the output of the GDLS was sent to the Tescan com-
pany, where the segments were transformed to the representation matching output of the
proposed method. This process required second access to the full EDS data. Second of all,
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the GDLS has two parameters influencing the final segmentation. The parameters were
selected on a few samples and used for the whole dataset in such a way, which prioritized
a higher number of segments. It is possible, that other parameters would create better
segmentation results for singular samples, but selected parameters should be enough to
provide a good comparison. Lastly, the proposed method is not nearly as general as
GDLS, as it was trained on a dataset with a limited number of classes.

Comparison results

Evaluation with recall metric shows that the proposed method significantly outperforms
the GDLS in all cases, as shown in Figure 34.

(a) Recall comparison. (b) Mean recall comparison.

Figure 34. Comparison of recalls of the implemented framework with GDLS. In this metric, the
proposed method significantly outperforms the GDLS in all cases.

However, with precision, the result is not as definite. With a lower number of EDS data
points, the proposed method produces better results, however with an increasing number
of data points situation changes. In the highest counts, the GDLS performance is better
than the proposed method, as shown in Figure 35.

The F1 score shows that the GDLS method performs better than the proposed method, as
shown in Figure 36.

Example outputs of both methods side by side can be seen in Figure 37.
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(a) Precision comparison. (b) Mean precision comparison.

Figure 35. Precision of the implemented framework compared with GDLS. With a lower number
of EDS data points, the proposed method produces better results, however with an increasing
number of data points situation changes. In the highest counts, the GDLS performs better than the
proposed method.

(a) F1 comparison. (b) Mean f1 comparison.

Figure 36. F-1 score of the implemented framework with different EDS percentages.
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Figure 37. Example outputs of the proposed method with GDLS, for various EDS data percent-
ages. The leftmost column shows the input BSE image and the ground truth. Otherwise, the top
row shows the output of the proposed method, and the bottom row shows the output of the GDLS.

6.5 Experiment: Timber dataset

The second experiment was conducted on the timber dataset. The task is to predict the
locations of knots, based on the RGB image and sparse heightmap.

The dataset itself posed numerous challenges, the most obvious one being the dataset
size. The dataset contains only seven samples, which may cause trouble for the gener-
alization of trained solutions, as models have a very high tendency to overfit on such a
small dataset. This was mitigated by using small patches of the sample as training data,
and utilization of data augmentation. The patch generation algorithm first rotated the
whole sample by a random amount, after which a patch of a given size was extracted. It
is important to note that while the graph representation would theoretically allow for a
"native" representation of the log image, that is the borders of the image graph could be
joined to simulate wrapping, the patchwise processing meant that this was not possible.

The second challenge of the dataset was the class imbalance. The knots are small and
relatively far from each other, which led to the not-knot class being much more prevalent
than the knot class, almost by a factor of 140. This was mitigated by assigning a weight to
each class when calculating the loss function (Binary Cross Entropy), namely the positive
class had a weight of 140 and the negative class weight was 1.
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The dataset was split into training, testing and validation partitions as well. The first 5
logs were designated for training, the sixth for validation and the final one for testing.

Framework implementation

Numerous implementations were tried. The first implementation of the framework was,
similar to the previously described experiment, just the GNN, without any optional pro-
cessing steps (illustrated in Figure 38). This version failed to learn on the dataset, which
may be caused by the fact that the GNN is not designed to handle image data, and of
course by the aforementioned challenges of the dataset.

Figure 38. First implementation of the framework. All the optional parts were omitted.

Further investigation revealed that it is very difficult to create any model, which would
converge to an acceptable result. From the few working models, the best performing
turned out to be the U-Net, created from the VGG-16 model pre-trained on the ImageNet
[78].

Because of this, the second version of the framework implementation tried to use this
U-Net as an optional processing step. The idea was to take the output of the U-Net and
use its features to ease the load on the fusion step, as illustrated in Figure 39.

The second option where to integrate the U-Net model into the framework was the last
optional processing step, which processes the joint representation of both modalities. This
led to the third version of the framework implementation, which is illustrated in Figure
40. The broad idea was then to use the GNN to "enhance" the image data, which could
lead to a better overall performance.
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Figure 39. Second implementation of the framework.

Figure 40. Third implementation of the framework.

Results

As mentioned previously, the first framework implementation without any optional pro-
cessing step failed to deliver any meaningful result, so for this reason, the evaluation of
this model will be omitted.

The evaluation for the second implementation was done by plotting the distribution of
IoU metric over the testing set. While this metric proved that the models were different in
some way, it was unclear whether there was any improvement. Further investigation using
ROC plot proved that the performance of the models is almost identical. Both metrics are
visualized in Figure 41.

The third implementation was evaluated similarly, producing very much the same results.
Metrics are shown in Figure 42.

In the end, the best result the framework was able to achieve was to make the GAT step
transparent. Example outputs of the U-Net and implemented frameworks can be seen in
Figure 43.
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(a) IoU distribution compared with U-Net
model. (b) ROC plot of the U-Net and fusion models.

Figure 41. Evaluation of the second framework implementation.

(a) IoU distribution compared with U-Net
model. (b) ROC plot of the U-Net and fusion models.

Figure 42. Evaluation of the second framework implementation.

(a) Ground truth. (b) UNet output. (c) Output of the frame-
work with UNet before
graph stage.

(d) Output of the frame-
work with UNet after
graph stage.

Figure 43. Example outputs of the baseline UNet and implemented framework variants.
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7 Discussion

This chapter reviews and analyses the results obtained in this work. Various aspects of
the work are considered, together with hypotheses about the shortcomings of the solution.
Finally, potential future contributions are explored.

7.1 Current study

Multimodal data fusion has an incredible potential to improve the performance of vari-
ous machine learning tasks, including image segmentation. A general method of fusing
various data modalities could help in many fields in various ways, be it in accuracy, time
requirements, or others.

In this thesis, a general framework for the fusion of image and non-grid-like data was pro-
posed. The framework was designed to be as general as possible, with a modular structure
that allows for customization and combination with various other methods. The core of
the framework is based on a graph constructed to express the inter and intra-modality re-
lationships as accurately as possible. The graph is subsequently processed with a GNN,
aiming to mix the information from both modalities into a joint representation, or a direct
segmentation. The grid-like representation is acquired by extracting the part of the graph
originally representing the image modality.

The approach has been tested on two datasets, the first one being from the mineralogy
domain and the second one from the timber-processing domain. In the first case, the
results are encouraging, showing that the approach is capable of adapting and fusing the
information from both modalities with excellent performance. The prediction quality of
the implemented framework steadily increased with the density of provided EDS data,
which aligns with the expectations. It also shows the speed/accuracy tradeoff, as less
data can be acquired quicker, but the results will be less precise. The approach was
also compared with GDLS method described in [1], showing that the proposed method
outperforms the other method in almost all cases, except in precision metric with EDS
density above 50%. Note, that various assumptions had to be made in order to make the
solutions comparable, namely estimation of optimal parameters for the GDLS and the
necessity for additional external steps to match the output formats of the method.

However, it is not a universal solution, as demonstrated by the experiment with the timber
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dataset. Even though it is unclear if the failure to improve was caused by the approach
itself, or the challenging nature of the data, the proposed method failed to deliver any
improvement when compared with baseline U-Net. The most notable dataset challenges
were its small size and a huge imbalance in dataset classes.

7.2 Future work

Continuation of this work should include more rigorous testing on other datasets, in order
to better explore the flexibility, adaptability, and applicability of the proposed method in
other fields.

While in this thesis a GAT was used, because of its simplicity and good performance, it
is not the only option. The exploration of other GNN models or non-neural approaches
could bring new insights into the problem, and potentially improve the results. Joint
processing of nodes and edges could be beneficial, for example utilizing a Graph Network
[79].

While in this work a zero-filling was utilized as a method of representation of both modal-
ities in a single homogeneous graph, another approach could be a heterogeneous graph.
This would mean an even more natural representation of the data, however, the processing
would need to adapt.

The proposed method explored image segmentation as a vertex classification task. A more
general approach would be taking the task as edge classification. The output of the graph
processing would be a graph with edges assigned the probability of connected vertices
belonging to the same segments. This would be a better approach for segmentation with
an unknown number of classes, which is the case for example in the mineralogy dataset.

The solution is also not limited to only two modalities. The extension to more modalities
is straightforward, the only change necessary would be a multi-step inter-modality edge
construction, which would have to be done for every combination of two modalities.
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8 Conclusion

The goal of this thesis was to create a flexible framework for multimodal data fusion,
with one modality being an image and the second one a general, unstructured modality.
As such, the goal was fulfilled.

To sum up, in the first part of the thesis, the state-of-the-art concerning the topic of this
work was reviewed, including multimodal data, neural networks, data segmentation, and
data fusion. The second part of the work introduces a novel framework for the fusion of
images and other non-grid-like modalities. At its core, it uses graphs for data representa-
tion and relationship modelling, and GNNs for graph processing. Moreover, it contains
optional blocks for additional feature extraction or dimensionality reduction, which can be
used to improve the results. Subsequently, it was evaluated on two independent datasets,
producing excellent results in one case and insufficient in the second case, showing the
potential of the solution but also its limitations.

The presented joint graph representation is very flexible, allowing for a wide variety of
structures, thus it is also suitable for modalities with missing values. The data processing
method used is very flexible, which makes it possible to use non-commensurable modal-
ities as well. With this in mind, the goals set at the beginning of framework creation have
been achieved. The framework is general and modular, allowing for customization and
combination with various other methods.

Possible continuation of this work may lie for example in exploring other GNN architec-
tures, testing it on other multimodal datasets, or investigating heterogenous graph appli-
cations. Moreover, edge classification can be used instead of node classification, or the
framework can be adapted to more than two modalities.
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