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End-to-End Object tracking

on simulated microscopy video

Using graph neural networks and variational autoencoders.
Gideon Jagenstedt

Department of Physics

Chalmers University of Technology

Abstract

Object tracking using neural networks has become a pivotal technology in digital
microscopy, enabling automated analysis and interpretation of dynamic visual data.
Typically, this tracking is performed in two steps, often utilizing two separate neu-
ral network models. First, images are segmented to detect individual objects within
each time frame and to extract their centroids and other features using one neural
network model. Next, a selected set of features from these objects is used as input to
a second neural network, which creates temporal trajectories by linking the objects
across a sequence of frames.

This work proposes a novel method that combines the object detection and linking
steps, theoretically leading to better temporal links. Instead of relying on a fixed
set of properties for each object, the combined model has access to the entire image
and to temporal information, enabling it to autonomously select the most relevant
features for optimal tracking. Two different architectures for a combined model were
tested: a supervised model based on a graph neural network (GNN) and an unsu-
pervised model based on a variational autoencoder (VAE).

The supervised GNN-based model did not succeed in predicting the position of the
centroids, but it showed promise in linking the centroids between frames. Therefore,
the VAE-based model was developed that uses the same approach for linking. The
VAE-based model showed promising results with a mean absolute error of under
0.002 on its detection placement, a detection miss-rate of 2.69 %, and an Fl-score
of 81.2% when tracking simulated data.

Keywords: object tracking, microscopy, geometric deep learning, variational autoen-
coders, adaptive particle representation.
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1

Introduction

One of the most common methods for object tracking in microscopy images using
neural networks involves a two-step process [1][2]. Initially, all objects in each frame
are detected by a segmentation model [3]. This gives a segmentation map from
which the positions of individual objects can be extracted along with other relevant
properties, such as the morphology and brightness of the object. The next step in-
volves using the extracted properties to link the objects across frames. For this, one
commonly employed technique is to compare the positions of the extracted objects
in each frame and match them with the closest object in the next frame. This can
be achieved through either algorithmic methods [4][5] or the utilization of a second
neural network [6][7].

While these approaches have been successful in tracking microscopic objects, the
linking step heavily relies on receiving sufficient relevant data to establish connec-
tions between the objects through time. This can become particularly challenging in,
for example, scenarios where objects undergo significant movement or morphological
changes. In such cases, relying solely on the position and morphology of objects as
input may not yield accurate linking predictions. To get more accurate results, it
becomes necessary to extract additional features and add them to the input of the
linking model. However, determining the optimal set of object features to include
for achieving the best results is a difficult task, and extracting these can be laborious.

To tackle this problem, this paper proposes employing a neural network model ca-
pable of extracting both the detections and links directly from the latent space. By
doing so, the model autonomously determines the relevant characteristics to use,
thus eliminating the uncertainty associated with manually selecting the object’s
features. Moreover, the maintenance will decrease, and computational efficiency
increase since only one model will be used. In this work, two different types of neu-
ral networks have been proposed and investigated to solve this task: graph neural
networks and variational autoencoders. Minor optimization analyses for the two
models are also presented, along with test results from tracking particle objects in
simulated microscopy videos using the two neural network models.
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Theory

To provide the necessary background information, this chapter covers the funda-
mentals of neural networks and their mechanisms. It includes a brief explanation
of convolutional neural networks, autoencoders, attention layers, and graph neural
networks and concludes with a description of adaptive particle representation.

2.1 Neural Networks

Neural networks are a class of machine learning algorithms that are, as the name
suggests, modeled after the structure and function of the neurons inside a human
brain [8]. A neural network consists of a large number of connected nodes, called
neurons, organized into layers. The outputs of the neurons in one layer serve as
inputs to the neurons in the next layer. This forms a network structure consisting
of an input layer, any number of hidden layers, and an output layer. The number
of layers and the number of neurons in each layer depends on the specific problem
being solved. Deep neural networks, which have multiple hidden layers, are capable
of learning hierarchical representations of data and can handle more complex tasks.

The network is trained in two repeated steps. In the first step, commonly referred
to as the forward pass, data flows from the input layer to the output layer. The
computation occurs one layer at a time with each neuron computing a weighted sum
of its inputs and a bias term. An activation function is then applied to the sum that
will be the input to the next layer. The activation function introduces non-linearity,
allowing the network to model complex relationships between inputs and outputs.
Equation. 2.1 shows the computation of the layer output y, using the inputs x, the
neuron weights w, the bias wy, and the activation function o.

y=o (wo + imjwj) (2.1)

j=1

The second part of a neural network’s training is called backpropagation, and it
is commonly done using optimization algorithms such as gradient descent. Dur-
ing backpropagation, the output of the network gained from the forward pass is
compared to the desired output. The error between these is propagated backward
through the network. The gradients of the weights and biases with respect to the
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error are computed using the chain rule of calculus and used to update the weights.

These two processes are repeated for multiple iterations, or epochs, with new inputs
and targets until the network learns to produce accurate outputs for the given in-
puts. This way, the network will slowly get better at predicting the targeted output
over many training iterations.

2.2 Convolutional neural networks

Convolutional neural networks (CNNs) are specialized neural networks designed to
analyze structured grid-like data, such as images. Utilizing a fully connected net-
work for image data becomes increasingly challenging due to the rapid growth in the
number of neurons and connections as the image size expands. This results in large
computational requirements during training as well as a higher risk of overfitting
the model. By incorporating the underlying assumption that the inputs are images
into the network architecture, CNNs can reduce the number of parameters needed,
addressing these limitations.

Images are built up by 2D matrices where features can be extracted by convolution,
which is utilized in the CNN by convolutional layers. Each layer uses a set of filters
or kernels that, with a given stride, slide over the image and compute the output
using element-wise multiplications and summations. The resulting matrices high-
light the presence of different patterns at various spatial locations in the input and
are called feature maps.

CNNs are often built with multiple convolutional layers to capture hierarchical rep-
resentations, enabling the network to learn increasingly complex and abstract fea-
tures. Low-level features like edges and textures are, therefore, often learned in the
earlier layers, and higher-level concepts like shapes and objects in the deeper layers.
Pooling layers are a special kernel that is used to downsample the feature maps and
reduce their spatial dimensions. This downsampling helps reduce the computational
complexity of the network and makes it more robust to small spatial variations. Af-
ter several convolutional and pooling layers, the network typically ends with one
or more fully connected layers. The fully connected layers integrate the high-level
features extracted by the convolutional layers and map them to the desired output,
such as class labels.

CNNs have revolutionized the field of computer vision and have achieved impressive
results in tasks like image classification [9], object detection [10], image segmentation
[11], and many more [12]. Their ability to automatically learn spatial hierarchies
and extract meaningful features from raw input data makes them highly effective in
analyzing visual information. Furthermore, CNNs have also been applied to other
domains such as natural language processing, where they can learn representations
from sequential data like text or speech [13].
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2.3 Autoencoder

An autoencoder is a type of neural network architecture designed for unsupervised
learning and dimensionality reduction [14]. It consists of an encoder and a decoder
that together learns a compressed representation of the input data and reconstructs
the original input from this compressed representation. The encoder applies a se-
ries of transformations on the input sample to map it to a lower-dimensional latent
space representation. The transformation often involves several network layers with
non-linear activation functions to extract the most salient features of the input data.
The output of the encoder is then the latent code, which captures the essential infor-
mation of the input in a lower-dimensional space. The decoder then takes the latent
code as input and aims to reconstruct the original input data to its original form.
It applies a series of inverse network layers that mirror the layers in the encoder.

The objective of training an autoencoder is to minimize the difference between the
original input and the reconstructed output. Therefore, a loss function is used to
measure the dissimilarity between the input and its reconstruction, such as the mean
squared error. The weights and biases of both the encoder and decoder networks are
then adjusted during training to minimize this reconstruction error. By reducing
the dimensions of the latent space, the autoencoders learn to capture only the most
important features of the input data and discard less relevant information. This
dimensionality reduction property makes autoencoders useful for tasks such as data
compression, denoising, and anomaly detection. The latent space could also be used
to extract other desired output information.

2.3.1 Variation autoencoder

A variational autoencoder (VAE) [15] is a type of neural network model that com-
bines the concepts of both autoencoders and generative models. Like a regular
autoencoder, a VAE is composed of an encoder and a decoder. However, the key
difference lies in the way the VAE learns to encode and decode data.

As mentioned, a regular autoencoder takes an input and maps it to a latent repre-
sentation. This latent representation is then passed to the decoder which attempts
to reconstruct the original input from this latent representation. A VAE, on the
other hand, aims to learn a probabilistic model of the input data. It assumes that
the input data follows a particular distribution, typically a standard normal distri-
bution. The encoder in a VAE still maps the input to a latent space, but instead
of producing a deterministic encoding, it generates a mean vector and a variance
vector. These vectors represent the parameters of the normal distribution that the
latent representation is assumed to follow, making the encoding probabilistic. These
vectors are then sampled from to create latent features that can be used to recon-
struct the input, as shown in Figure 2.1.

The probabilistic aspect of the VAE gives it the advantage of having a continuous
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Figure 2.1: Variation autoencoder using an encoder-decoder structure. The input
gets encoded into a latent distribution, which is then sampled from and passed
through the decoder in order to reconstruct the input

latent space making it suitable for tasks such as feature exploration [16][17] and
generative modeling [18][19][20].

2.4 Attention

Attention is a mechanism that allows neural networks to focus on different parts of
the input data while performing computations. It is inspired by human cognitive
attention, prioritizing certain elements of the input based on their relevance to the
task at hand. In the context of neural networks, attention helps models weigh the
importance of different parts of the input when making predictions or generating
sequences. At its core, attention involves computing attention weights that indi-
cate how much attention each element in the input sequence should receive when
generating an output or making predictions. The attention weights are computed
based on the interaction between the element being attended to (referred to as the
"query”) and other elements in the input sequence (referred to as the "keys” and
"values”).

The attention process starts with calculating the similarity between the queries and
keys. This similarity can be computed using various methods, such as the dot
product or cosine similarity. These similarity scores are then turned into attention
weights through a softmax operation. These weights reflect how much attention
each key should receive when considering the current query. The attention weights
are then used to combine the values associated with each key, resulting in a weighted
sum. This sum represents the "attended” representation of the input data for the

6
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specific query. This representation is used in subsequent steps of the model and can
be used in, for example, generating an output in machine translation [21] or text
generation tasks [22].

2.4.1 Multihead attention

Multihead attention is an extension of the basic attention mechanism first presented
along with the transformer neural network architecture [23]. It works by splitting
the latent features into multiple "heads” and calculating the attention on each head
instead of using all latent features in one head. Each one of these heads has separate
weights for its queries, keys, and values, allowing each head to focus on different
aspects of the input data and enabling the model to capture various relationships and
patterns simultaneously. The outputs from all of the heads are then concatenated
and often transformed using a linear transformation giving us the whole attention
that can be used in different ways depending on the task at hand.

2.5 Graph neural networks

A graph neural network (GNN) is a type of neural network architecture designed
for handling data organized as graphs with nodes containing features and edges be-
tween the nodes representing relationships [24]. Most GNNs operate by iterative
updating node features based on their own features and the features of neighboring
nodes. This process allows nodes to gather and propagate information from con-
nected nodes, capturing the influence of neighboring entities. Because graphs are a
natural way of representing non-Euclidean data, graph neural networks (GNNs) have
garnered significant attention in various domains and have been used in everything
from modeling social networks [25][26] to analyzing biological systems [27][28].

2.5.1 Message passing and graph convolutions

Message passing layers are a core building block of GNNs. In this layer, information
is passed between connected nodes in the graph to update their representations. A
message passing layer can be divided into two main steps: message aggregation and
message updating. In the message aggregation step, the layer aggregates informa-
tion from neighboring nodes for each individual node. This is done by collecting
"messages” derived from the features of neighboring nodes. The messages are then
aggregated by using some sort of aggregation function like summation or averaging.
Following the aggregation, all of the collected messages are combined with the node’s
current features and in doing so the information from the neighbors gets integrated
into the node’s own features. The resulting updated node now has access to more
contextual information enabling network architectures using these layers to capture
relationships, dependencies, and patterns within the graph-structured data without
losing the graph-based structure of the underlying data [29].

A graph convolutional layer is a type of message passing layer specifically designed
to perform convolution-like operations on graph-structured data by aggregating in-

7
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formation from neighboring nodes, typically through weighted sums or similar mech-
anisms, where the weights are learnable parameters associated with edges [30]. The
graph convolutional layer aims to generalize traditional convolutions used on regular
grids to irregular graph structures.

In neural network architectures using message passing or graph convolutions, it is
common to stack multiple such layers consecutively. The motivation behind this
is that for each iteration of the layer, the nodes get information from nodes fur-
ther away effectively increasing the receptive field of each node, allowing nodes to
capture a broader context and more complex dependencies. If too many layers are
stacked within the network architecture, every node will have information from ev-
ery other node in the graph, leading to an oversmooth graph [31], giving decreased
performance as the nodes become indistinguishable from one another.

2.5.2 Graph attention layer

A graph attention layer is a specialized component in Graph Neural Networks de-
signed to enhance information propagation within graph-structured data by assign-
ing varying levels of attention to neighboring nodes during message passing [32].
It builds upon the concept of attention mechanisms, as described in Section 2.4,
applied to graphs.

The key idea of a graph attention layer is to allow nodes in the graph to focus on
different parts of their neighborhood when aggregating information. This is achieved
through attention scores, which indicate the relevance or importance of each neigh-
bor to the central node. By assigning attention scores, the graph attention layer
enables nodes to prioritize more informative neighbors, thus capturing meaningful
relationships and dependencies within the graph while simultaneously avoiding the
problem of oversmoothing in deep network architectures. Like regular attention
layers, graph attention layers can utilize multiple heads in order to learn multiple
distinct sets of attention parameters, allowing the model to capture different types
of relationships and patterns.

2.6 Adaptive particle representation

Adaptive particle representation (APR) is a method for representing images in a
compressed and efficient way inspired by the adaptation and local gain control
within the human visual system [33]. It was created as an alternative to a reg-
ular pixel-grid-based way of representing images that uses less memory and is more
computationally efficient. Unlike a fixed pixel grid, APR employs a dynamic ap-
proach. It uses particles to represent image details by densely populating areas with
more information and placing fewer particles in less variable regions. This approach
ensures a representation that is both data-efficient and faithful to the original con-
tent.
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A crucial aspect of APR is its ability to handle varying intensity levels in images.
This is done through the "Local Intensity Scale”, which allows APR to adapt to
different brightness gradients and ensure a balanced representation. Particle posi-
tioning in APR is methodical, based on the image’s content. The intensity gradient,
measuring intensity change across the image, guides this process. By analyzing the
gradient, the APR algorithm optimizes particle placement, capturing the core im-
age features effectively. An example of an image and its APR-representation can
be found in Figure 2.2. The original image is human hepatocarcinoma-derived cells
expressing the fusion protein YFP-TIA-1 from the cell tracking challenge [6].

(a) Image of human hepatocarcinoma- (b) The APR-tran

derived cells expressing the fusion pro- 2.2a.
tein YFP-TTA-1.

Figure 2.2: Example of a microscopy image of cells being turned into its APR-
representation.
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Methods

In this chapter, two neural network models for single-model end-to-end object track-
ing will be presented. The first network is a fully supervised neural network model
based on a graph neural network (Section 3.1), and the second is an unsupervised
neural network model based on a variational autoencoder (Section 3.2).

3.1 GNN model

The concept of employing a graph neural network (GNN) approach was inspired by
the recent achievements in utilizing GNNs for linking trajectories, as highlighted in
the work by Pineda et al. [34]. Furthermore, GNNs have demonstrated their effec-
tiveness in object detection within point cloud-based imaging [35][36].

For clarity and comprehensibility, the network architecture has been divided into
three sections. These are Section 3.1.1 Preprocessing and Encoding, Section 3.1.2
Graph Neural Network, and Section 3.1.3 Output. A full model of the architecture
is available in Figure 3.1. The loss function used during training is then further
explained in Section 3.1.4, and the hyperparameters used during testing are listed
in Section 3.1.5.

P -~ N soTmEEEEEEEES ~ o mmmmm—_—_——— ~
’ ) ) v/ Noo Output N
‘ Preprocessing and Encoding ! Graph Network 1 P \
I e 1 1 ] | !
- - 0 . I
! ! ol i
¢ 1, | ! I
: | X :
1
| | |
I ! 1 , ! |
I b= Ly 1
1 1 -
| | J 1
\ \ ’ ‘\ 7
S [ U —— - N e e e e e e e - 7

Figure 3.1: Overview over the GNN-based End-to-end object tracking model di-
vided into three parts, more detailed figures of each of the three parts can be found
in Figure 3.3, 3.4 and 3.6.
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3.1.1 Preprocessing and Encoding

The preprocessing and encoding part of the network serves as the feature extractor
by transforming and encoding an input sequence of images into a node feature space,
similar to the manual selection step of properties in the current two-step method
for object tracking in microscopy images. This feature space prepares the data and
extracts only the most important features that are later inputted into the GNN.

Each image in the sequence undergoes an APR-transform, that transforms the image
representation from a pixel grid format to a sparse particle representation with varia-
tions in the resolution (further explained in Section 2.6). Edges are then established
between all particles and their face-neighbors, this being the nodes directly adjacent
to a particular node. The new connections effectively convert the APR-image into a
graph structure, capturing the relationships between the nodes. Figure 3.2 provides
a visualization of this transformation.

(a) Simulated bright-  (b) The APR- (c) Graph represented
field image of two Mie  transformed image APR-image where edges
spheres. of 3.2a. have been added to 3.2b.

Figure 3.2: Example of an image transformation to APR- and graph-
representation.

The nodes within an APR graph, in this paper referred to as image nodes, are
characterized by five features: the x-coordinate, y-coordinate, z-coordinate, bright-
ness, and resolution level. However, considering that the dimension of the input
images is two-dimensional, the z-coordinate is always zero and is therefore omitted.
As a result, the nodes in the graph retain only four features: the x-coordinate, y-
coordinate, brightness, and resolution level. An additional feature in the edge is
then incorporated when the edges are created, which encodes the distance between
the two connected nodes. This distance feature provides information about the spa-
tial relationship between the nodes.

Special nodes called supernodes are then placed into the transformed graph. The
number of supernodes is estimated based on the maximum expected number of ob-
jects present in the images. The placement of the supernodes is random, and the
connected edges link them to all nodes in the image graph. These supernodes serve

12
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as the predicted output nodes, representing the objects of interest or the desired
targets of the model. By connecting the supernodes to all other nodes in the graph,
the model can learn the relationships between these supernodes and the rest of the
graph, capture their association, and learn to "move” these supernodes toward the
target objects in the image.

The supernodes, together with the nodes from the APR graph, are then used as
the input to the encoding neural network. It begins with three dense layers, each
followed by a GELU activation function [37]. These dense layers are responsible
for encoding the node features, transforming them from a feature space with four
features into a final higher-dimensional feature space with 32 features, doubling
the number of features at each dense layer. Encoding the features into a higher-
dimensional space allows the network to capture and extract relevant information
from the nodes, enabling it to learn more complex patterns and representations.
Important to note is that both the nodes and the supernodes undergo the same
encoding process, making sure that they are encoded in a consistent manner. This
ensures that the network treats the nodes and supernodes equally.

Similarly, the edge features are encoded using another set of dense layers. This en-
coding process transforms the edge features, enabling the network to learn meaning-
ful representations and extract relevant information from the relationships between
nodes. A detailed visual representation of the preprocessing and encoding part of
the model can be seen in Figure 3.3.

7 ~
’
Dense Layer

Preprocessing & Encoding Ieew

Encoded image
node features

Figure 3.3: Overview over the preprocessing and encoding part of the GNN-based
End-to-end object tracking model containing: (A) A sequence of images after APR-
transformation, (B) supernodes being placed into the image-graph and (C) A series
of dense layers encoding the features of the image nodes and the supernodes.
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3.1.2 Graph neural network

After the encoding step comes the Graph neural network part of the model. It is
made up of blocks consisting of three different kinds of layers: two message-passing
layers, one multi-head graph attention layer for propagating information in space,
and one multi-head attention layer for creating edges and propagating information
through time. This block is repeated three times in order to make the network
deeper and allow the network to learn more complex relations. This part of the
model is visualized in Figure 3.4.

The first part of the GNN block consists of two message-passing layers. These lay-
ers propagate information in space between the image nodes within a time frame.
The number of message-passing layers directly determines the receptive field of each
node, determining the extent of information it can gather from its surroundings. If
a larger receptive field is desired to capture more comprehensive spatial dependen-
cies, the number of message-passing layers can be increased. This can be the case
if, for example, the objects within the images are large. By iteratively applying
these message-passing layers, the network enables information to flow and propa-
gate through space, facilitating the incorporation of local and contextual informa-
tion from neighboring image nodes into each node’s representation. This mechanism
helps the model capture spatial relationships and context within each time frame of
the input data.

The second part of the GNN block consisted of a multi-head graph attention layer
specifically designed to update the supernodes with spatial information from the
image nodes. This layer divides the features of each supernode and the connected
image nodes into multiple heads. The attention within the head between each
supernode and its edge-connected node is then computed using cosine similarity.
This calculation helps to determine the relevance or importance of the image node
feature in relation to the supernode feature. The cosine similarity is shown in
Equation 3.1.

Xi X S

oy = sofimas, (A2 3
where o ; is the attention between image node V; and supernode Vs;, X; is the feature
vector of the ith image node V;, Xg; is the feature vector of the jth supernode Vg;,
and 3; = ﬁ, where d; v is the shortest distance between an image node v; to
any of its connected supernodes Vg. The term 3; acts as regularization and helps
strengthen the relationship between the supernode and the closest image node, which
results in supernode pairs. A similar method has previously been used for clustering
nodes [38]. Using the resulting attention matrix as weights, the supernode features

are updated with information from the image node features using Equation. 3.2.

1 ¥
J =0

Where Xg; is the feature vector of the supernode, x; is the feature vector of the im-
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Figure 3.4: Overview over the graph neural network part of the GNN-based End-
to-end object tracking model comprised of three blocks each containing two message
passing layers for updating the image node features followed by a multi-head graph
attention layer for propagation information from the image nodes to the supernodes
and lastly a multi-head attention layer to propagate information between the su-
pernodes in time.

age node, o ; is the attention calculated in Equation 3.1, n; is the number of image
nodes connected with edges to each supernode. The updated supernode features of
each head are then concatenated to pass on the supernodes in their orignal shape.
In order to add learnable weights to this layer, the image nodes and supernodes are
passed through a dense layer before being separated into multiple heads and having
their attention calculated, as well as one dense layer after the heads are concatenated.

The third and final part of the GNN-block consists of a masked multi-head atten-
tion layer designed to propagate information between supernodes at different time
frames. It works very similarly to the previous multi-head graph attention layer in
space described in Section 3.1.2. First the features of the supernodes in all time
frames are divided up into multiple heads. Then a time mask is created by setting a
large negative value to the supernode pairs where the difference in time between the
frames of the two supernodes is zero or greater than a constant 7', and 0 otherwise
(Equation 3.3).

(3.3)

| —inf i |t —t;] > T, or [t; —t;| =0
“ )0 otherwise

Where t; and ¢; is the time step of supernode Vg; and Vg;, T is a hyperparameter
detailing how many time steps into the future and past each supernode will obtain
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information from. The attention between the supernodes of different time frames
is then calculated using the cosine similarity, the same way as in Equation 3.1 but
with some minor changes, seen in Equation 3.4.

Bi [ Xsi-Xsg;
o= softmaz; (20 [ 28U 285y 3.4
a;; = sof maxj<7_ Xsi X551 mi (3.4)

Where Xg, f and o have the same definition as in Equation 3.1, m is the time
mask, and 7 is a temperature hyperparameter commonly used in neural networks to
change the distribution of a softmax activation function. When 7 — oo, the distri-
bution becomes more uniform, and when 7 — 0, the distribution collapses to a point
mass [39]. Note that the mask defined in Equation 3.3 restricts each supernode to
a limited number of frames in the future and from the past, since softmax(z) — 0
when © — —o0. The supernodes Xg are then updated using matrix multiplication
between the attention and the old supernodes (Equation 3.5).

X
Xg ¢ % (3.5)

By updating the supernodes using attention between them through time, the su-
pernodes should be able to recognize which supernode in the future and past frames
corresponds to the same object as themselves, which would help with predicting the
correct positions within their own frame. The features of each head are then again
concatenated into the supernodes’ original shape. Just like in the multi-head graph
attention layer, learnable weights are added by passing the supernodes through a
dense layer before and after all the head-wise operations.

3.1.3 Output

The final part of the model, as can be seen in Figure 3.6, uses a similar block as the
GNN part of the model (Section 3.1.2). This block consists of two message-passing
layers, followed by a multi-head graph attention layer and a multi-head attention
layer. However, there are notable differences in the last multi-head attention layer.

In this final multi-head attention layer, the attention matrix is calculated without
applying the softmax activation function, allowing the attention scores to retain
their original values. Moreover, the updating of the supernodes is also skipped in
this final multi-head attention layer. Instead, the un-updated supernodes and the
attention matrix are further processed into the output.

The features of the un-updated supernodes are then duplicated into three parts,
where one copy of the supernode features is passed through a series of three dense
layers, which gradually reduces the number of features. The purpose of these dense
layers is to transform the supernode features into a final representation consisting
of only two features. These two features make one part of the output and represent
the x-coordinate and y-coordinate of each node, resulting in the model being able
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to predict the spatial position of each object within each frame.

The second copy of the supernode features is passed through a single dense layer
with a sigmoid activation function. The resulting output, ranging from 0 to 1, rep-
resents the certainty of each supernode being a valid detection. If the certainty
value falls below a specified threshold, the supernode can be removed from further
consideration. This allows for filtering out less confident detections and improving
the overall reliability of the model’s predictions. This detection confidence is needed
as the number of supernodes placed in the graph at the beginning is only an ap-
proximation of the actual number of objects in the sequence. All supernodes that
do not correspond to an actual object, therefore, need to be removed.

The final part of the output involves the supernode attention matrix. All the atten-
tion heads from this matrix are concatenated into a single representation and passed
through a dense layer with a sigmoid activation function. The resulting output rep-
resents the certainty of connections between supernodes in different time frames. By
applying a threshold, this certainty score can be used to create an adjacency matrix
that reveals the trajectory of each object.

The combination of detected objects and the temporal adjacency matrix can be
represented using a graph structure. This representation assigns each detection as a
node within the graph, and the edges between these nodes represent the trajectory
of the objects over time. An illustrative example of this graph-based representation
is depicted in Figure 3.5.

N

Figure 3.5: Example of two objects, shown in different colors, and their trajectories
through 3 timesteps modeled as a graph.

3.1.4 Loss function

The loss function is inspired by the tracking accuracy measurement used in the cell
tracking challenge [6][40] in combination with a loss function used in the GraphVAE
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Figure 3.6: Overview over the output part of the GNN-based End-to-end object
tracking model comprised of a final block of message passing and multi-head atten-
tion layers. After this block the model is split into three heads with each head being
passed through a separate dense layer and an activation function. This results in
three predicted outputs: positions, detection certainty, and clinging certainty.

paper [41]. It is comprised of three terms, where each serves one of the three out-
puts: the localization of the object, the certainty of a supernode being an object,
and the certainty of edges between frames. One term is penalizing the model if the
predicted nodes are not correctly placed, the second term is penalizing the model
for not removing excess predicted nodes, and the last term is penalizing the model
for incorrectly classifying the temporal edges between the predicted nodes.

Before calculating the terms of the loss function, the output prediction graph and
the target graph need to be matched to each other. This matching step is necessary
because graph structures lack inherent grid-based indexing, making it challenging to
determine what predicted node corresponds to the same node in the target graph.
While various graph-matching techniques exist, most of them are computationally
expensive and, therefore, impractical for this context. Instead, this model adopts a
simpler approach. It matches each node in the target graph to the closest node in
the predicted output graph based on the Euclidean distance. It’s important to note
that each target node can only be matched to one predicted output node, while mul-
tiple output nodes can be matched to the same target node. Permitting predicted
nodes to be connected to multiple target nodes in this way helps prevent the model
from being heavily penalized for missing events where a matched object splits into
two, such as a cell undergoing mitosis.

From the matched nodes, we get our first term of the loss function, the place-
ment loss, loss,. This is calculated by taking the mean square distance between all
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matched predicted (Y;,) and target nodes (Y;) as in Equaiton 3.6, which penalizes
the model more the larger the distance between Y,, and Y;.

n

loss, — ; S (Vi — Yna)? (3.6)
i=1

The second term of the loss function is the detection loss (lossg). It is calculated by
taking the binary cross entropy between the predicted detection certainty (C),) and a
ground truth vector (C}). The ground truth contains ones for all the predicted nodes
that are matched to a target node and zeroes for all unmatched predicted nodes.
The model is therefore penalized for not removing nodes that do not correspond to
the target objects.

lossy — _711 S (G- 10gChi + (1 — Cy) - log(1 — C) (3.7)
i=1

To compute the third loss, a binary mapping matrix M € {0, 1} is first created from
the distance matrix where the rows and columns are the indexes of target nodes and
predicted nodes, where each of the matched target node and predicted node pairs is
given a value of one. This matrix is then used to map the target adjacency matrix
A; to the domain of the predicted graph, resulting in a mapped adjacency matrix
A, enabling comparisons to be made to the predicted adjacency matrix A,. This
mapping is shown in Equation 3.8.

A = MAMT (3.8)

The linking loss is calculated by taking the binary cross entropy between A,, and
A, shown in Equation 3.9.

1 n
loss; = - Z (Api - logAmi + (1 — Api) - log(1 — Ai)) (3.9)

=1

From all of these, the total loss of the model can be summed together with weightings
A to balance the three terms.

loss = A\loss, + Aglossq + Nloss, (3.10)
3.1.5 Hyperparameters

Tale 3.1 lists all the model hyperparameters together with their standard value used
for all tests in this paper.
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Hyperparameter Standard value
placement weight (\,) 1
detection weight (\g) 1

linking weight (\;) 1

attention heads 4

softmax temperature 4

Table 3.1: List of all the used hyperparameters for the GNN-model together with
their standard value.

3.2 MVAE model

Due to unsatisfactory results obtained from the GNN-based model (Section 4.1),
particularly in terms of node placement and the removal of excess nodes, a second
model has been developed. This new model retains the concept of creating temporal
trajectory links using multi-head attention but is significantly different in all other
aspects. This new model is an unsupervised model based on a multi-entity varia-
tional autoencoder (MVAE) [42]. Since the detection component was not developed
in this work, only a brief description will be presented in this paper. The focus will
instead be directed toward the temporal trajectory linking and its influence on the
detection of objects. First, the building blocks of MVAE will be briefly explained
in Section 3.2.1, followed by the multihead attention in Section 3.2.2. Section 2.3.1
then explains the post-processing step to detect the right number of objects and
lastly, Section 2.3.1 lists the hyperparameters used in testing the MVAE. The entire
network architecture is visualized in Figure 3.7.

Attention Individual
layer Decoding
; Top-k )
—_— Aggregation
KL div map objects = ggreg

I R[E = =
_—

|

==

Figure 3.7: Visualization of the MVAE based tracking model described is Sec-
tion 3.2.
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3.2.1 Multi-entitiy variational autoencoder

The MVAE works similarly to a regular variation autoencoder as described in Sec-
tion 2.3.1. The difference lies in the input where images are encoded into a grid
of posterior parameters, where each spatial location represents a potential object
within the image. The KL-divergence between the distribution of each potential
object’s latent variables and a standard normal distribution is calculated. From
this, only the top-N potential objects with the highest KL-divergence are retained,
which should correspond to the actual objects in the image. In this paper, N is an
estimate of the maximum number of actual objects within an image sequence and
will be referenced as the network parameter "number of entities”.

The underlying idea behind this approach is that in order to accurately reconstruct
the input images, the network needs to encode substantial amounts of information
in locations corresponding to the objects, such as their shapes and colors. As a
result, these regions exhibit higher KL-divergence values, while less information is
required to encode background information, leading to smaller KL-divergence values.

Once the top-N objects are identified, their latent distributions are sampled by the
encoder part of the network to obtain individual latent representations for each
object. These latent representations are then decoded individually for each object
using the first of two decoders used by the network. The first decoder helps with
keeping the individuality of the objects in the reconstruction of the image.

The output is then combined after each object has been individually decoded. Since
the positions of the objects are known based on their spatial locations in the feature
map, it is possible to overlay the latent spaces of all objects onto a grid of the same
size as the input image. By doing this, we can aggregate the latent features of all
objects at each grid location effectively consolidating the information from multiple
objects into a single combined latent feature map for all objects in the entire input
image. This is achieved by taking the maximum value of the latent features for each
grid location. This aggregated feature map is subsequently used as input to the
second decoder, which generates the final reconstructed image.

The spatial location used to combine the latent features of the objects into one image
serves a dual purpose. Not only does it enable the aggregation of latent features,
but it also provides the actual positions of each object in the input image. So by
associating each grid location in the feature map with a specific object’s position,
we can determine the precise location of every detection in the image.

3.2.2 Multihead attention through time

To establish temporal connections between the objects, a multi-head attention layer
is introduced after sampling the latent variables from the regions with the high-
est KL-divergence (explained in the first part of Section 3.2.1). This multi-head
attention works almost the same as the one used in the GNN model, described in
Section 3.1.2.
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First, the latent features are divided into multiple heads after which a time mask
is generated following Equation 3.3. The attention between the latent features is
then calculated, using the masked cosine similarity as in Equation 3.4 but omitting
the regularization term 3. Note again that the time mask defined in Equation 3.3
restricts each supernode to a limited number of frames in the future and from the
past, since softmax(z) — 0 when z — —oo0.

The latent features undergo an update process by performing matrix multiplication
between the attention weights and the un-updated latent features. This multipli-
cation operation allows the attention mechanism to prioritize and combine infor-
mation from the same object across different time steps, improving the model’s
ability to capture temporal dependencies. The updated latent features are then
passed through a dense layer that introduces learnable parameters to enhance the
attention mechanism. This design encourages each object to receive more relevant
information from its own temporal counterparts, facilitating improved detection per-
formance by leveraging temporal consistency.

The attention matrix obtained from the previous step provides valuable information
about the temporal connections between objects. By examining the attention values,
we can identify the strongest connections between an object and its counterparts
in different time steps. Specifically, for each object, we select the object with the
highest attention value in the subsequent time frame as its temporal connection. It
is important to note that this approach limits each object to be connected to only
one object in the next or previous frame, disregarding the possibility of multiple
connections. This simplification helps establish clear and unambiguous temporal
connections between objects for further analysis and processing.

3.2.3 Loss function

To train the model, a modified version of the 5-VAE [43] is used. The loss function
consists of two main components: the reconstruction loss which measures how well
the autoencoder is able to reconstruct the input data from the latent representation.
The reconstruction loss is calculated using mean squared error (MSE). The second
component is the KL-divergence loss, which measures the difference between the
learned latent distribution and the standard normal distribution. The KL divergence
ensures that the latent variables follow a distribution that is close to the prior
(the standard normal distribution), enabling better generalization. To balance the
trade-off between the losses, a parameter [ is added before the KL-divergence term,
which encourages disentanglement of the learned latent representations. For the KL-
divergence loss, only the KL-divergence of the top-/N objects is included in order to
stabilize the training of the model.
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3.2.4 Combining the detected objects

Because the number of entities (/N) is a parameter manually set when creating the
network, the number will not correspond to the actual number of objects within
the images. It is required that the number of entities is larger than or equal to the
actual number of objects, for the network to be able to detect all the objects. It is,
therefore, a high possibility that the network makes more detections than there are
objects in each image. However, this issue can be mitigated by leveraging the fact
that multiple top-N KL-divergent entities often correspond to the same object. As
a result, these entities will be detected at similar positions and could be combined
into a single object.

To address this, a post-processing step is employed to compare the positions of
each detection. By considering a specific "combine radius," we can identify detec-
tions that are located within the specified radius of another detection, indicating
that they likely correspond to the same underlying object. All identified detections
corresponding to the same object are combined in order to remove all superfluous
detections.

3.2.5 Hyperparameters

Tale 3.2 lists all the model hyperparameters and the used standard values in all tests
during the project.

Hyperparameter Standard value
Latent dimension 12
beta 0
combine radius 3
number of entities (V) 10
attention heads
softmax temperature 1

Table 3.2: List of all the hyperparameters used in the MVAE-model together with
their standard value.

3.3 Ewvaluation

The evaluation method used in this project was the precision of edge classification
to evaluate the trajectories, mean absolute error (MAE) for evaluating the accuracy
of the placement of the detection centroids, and the average number of missed de-
tections (MD) and false detections (FD).

The output of both the GNN and the MVAE, as well as the target, is modeled as
a graph. Therefore, to evaluate the centroid placement and tracking accuracy, the
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graphs must first be matched to the target graph, which is done in the same way
as graph-matching in Section 3.1.4. First, the Euclidean distance between all target
nodes and predicted nodes is calculated and only the closest predicted node is then
matched.

The Euclidean distance between the matched target and prediction nodes is then
used to calculate the mean absolute error between the matched target and predicted
nodes, shown in Equation 3.11.

1 n
ni

where 7 is the target node index, Y;; the target node, Y,,; the matched predicted
node and n the number of target nodes. MAE evaluates the quality of object local-
ization.

In addition to matching each target node to one predicted node, the reverse is also
done, matching each predicted node to one target node. Comparing these two ways
of matching gives the number of false detections and missed detections. If the target
and predicted node pair are the same both ways the detection is valid. But if they
are not, either a false detection or a missed detection has occurred. A visualization
of this is shown in Figure 3.8. The number of missed detections is then divided by
the total number of target detections to get the missed detection rate and the false
detections by the total number of predicted detections to get the false detection
rate. Both of these are used as evaluation metrics for the ability to detect objects.

From the original matching of targets, a binary mapping matrix M € {0, 1} is cre-
ated to map the target adjacency matrix A; to the domain of the predicted graph,
precisely as in the GNN loss function in Section 3.1.4. The mapping is then used
to map the target adjacency matrix A; to the domain of the predicted graph, just
like in Equation 3.8, enabling comparisons to be made to the predicted adjacency
matrix A,.

By comparing A,, to A, the true positive (7'P), false positive (F'P), true negative
(T'N), and false negative (F'N) link predictions can be extracted. these are then
used in the calculation of precision (Equation 3.12), recall (Equation 3.13), and F1-
score (Equation 3.14) between a pair of time frames. How TP, FP, TN, and F'N
relate to the predicted and target trajectory linking is visualized in Figure 3.9.

TP

Precision = TP+ FP (3.12)
TP
l= ——— 1
Reca TPLFN (3.13)
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Figure 3.8: A visualization of the difference between true detections, false detec-
tions, and missed detections between the targets (green) and the predictions (red).
The arrows between the target and predicted detections indicate a directional match-
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The Precision, Recall, and Fl-score are all used to evaluate the quality of the
trajectory-linking classification.

3.4 Dataset

The dataset used in this project is simulated data using DeepTrack [44]. The simu-
lated particles are Mie Spheres generated with a uniformly random diffusion constant
between 10~ and 107!2 for each image sequence, a refractive index of 1.55, a radius
of 1075, and random x and y coordinate within the bounds of the image for each
particle in a sequence. The code implementation for generating Mie Spheres can be
found in Listing 3.1.

Listing 3.1: Simulating Mie spheres

1 mie_particle = dt.MieSphere(

diffusion constant=(14+np.random.rand ()*9)*x1le—13,
refractive index=1.55,

radius=1le—6,

z=lambda: np.random.uniform(—2, 2)xdt.units.um,
position=lambda: np.random.uniform (5, image size—5, 2)

N O O W N
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Figure 3.9: A visualization of what a true positive, false positive, true negative,
and false negative represents in the trajectory linking with the target detections and
links in green and the predicted detections and links in red. The circles represent
objects and the arrows between show how the objects link in time.

These simulated particles are imaged using a simulated bright-field microscopy
setup. The code for this can be found in Listing 3.2.

Listing 3.2: Simulating bright-field microscope

1 optics = dt.Brightfield (

2 NA=0.4,

3 magnification=5,

4 resolution=3e—6,

5 wavelength=0.6e—6,

6 output_region=(0, 0, image_ size, image_size),
7))

To simulate the motion of particles between consecutive time steps, Brownian mo-
tion is used based on the diffusion constant associated with each image sequence.
The particle positions are updated using this stochastic process, using the image size
as a boundary constraint to prevent particles from moving outside of it. The code
snippet in Listing 3.3 provides the function responsible for updating the positions
of the particles in the simulation.

Listing 3.3: Function for updating a particles position

1 def update_ position(position, diffusion_ constant, dt=1/10):
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new_position = np.clip (position + np.random.randn (2)
« np.sqrt (diffusion_constant * dt)
x le7, 0, image_size)

N O U W N

return new_ position

Using this, an image pipeline is created where a sequence of images is created with
a uniformly random amount of particles between 2 and 6 generated for each se-
quence. The particles are imaged using simulated Brightfield microscopy and then
Gaussian noise is applied to each image. The code for this can be found in Listing 3.4

Listing 3.4: Pipeline for simulating image sequences

particle = dt.Sequential (mie_particle
position=update_ position)
particles = particle (lambda: np.random.randint (2, 6))

image_ pipeline = optics(particles) >> dt.Gaussian(sigma=0.1)
image pipeline = dt.Sequence(image pipeline ,
sequence_length=sequence_length)

~N O T W N+~

Most training and tests included 1000 generated sequences of three timesteps each.
These sequences were randomly split into a training and validation set with an 80/20
split. A separate set was then created for the tests containing 100 sequences.

3.5 Hardware

All training and testing have been done on a "Nvidia A100 Tensor Core” GPU with
40 GB video memory and an "AMD EPYC 7302 16-Core Processor” CPU.
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Results

In this chapter, results from both the GNN-based model and the VAE-based model
are presented. Most results are based on the metrics described in Section 3.3.

4.1 GNN-model

This section presents the results of the GNN-based model described in Section 3.1.
This mainly contains results from testing different hyperparameters and model ar-
chitectures in order to determine the optimal configuration for the model.

4.1.1 Number of heads

Figure 4.1 presents the results obtained by varying the number of heads for the at-
tention layer in the model. Here, a latent feature space of size 16 was utilized, with
the number of heads ranging from 1 to 16. Consequently, the number of features
per head ranged from 16 (for a single head) to 1 (for 16 heads). As shown in the
figure, the model’s performance improves as the number of heads increases up to a
point. Specifically, the model performs better with up to four heads, showing en-
hanced detection capabilities and lower missed detection rates. However, increasing
the number of heads beyond four results in a decline in performance. When using
more than four heads, the model starts to struggle with object detection, leading to
a significantly higher missed detection rate.

MAE vs Heads FD and MD F1, Precision and Recall
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0.1500
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0.0000 000% 0.00%
4 1 4
Heads Heads

Figure 4.1: Mean average error (MAE), false detection rate (FD), missed detection
rate (MD), and Fl-score of a model trained with different numbers of heads in the
multiheaded attention layers.

Notably, when the number of heads exceeds eight, the model’s performance degrades
severely to the point where it fails to detect any objects at all. This trend indicates
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that while multi-head attention can be beneficial up to a certain number of heads,
splitting the latent feature space into too many heads can be very bad for the model’s
ability to effectively detect objects.

4.1.2 Softmax temperature

Figure 4.2 presents the results obtained by varying the values for the softmax tem-
perature in the model. The performance of the model remains relatively stable
across different values of the softmax temperature, suggesting that this parameter
does not greatly influence the detection and linking performance.

MAE FD and MD F1, Precision and Recall
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Figure 4.2: Mean average error (MAE), false detection rate (FD), missed detection
rate (MD), and Fl-score of a GNN model trained with different softmax tempera-
tures.

4.1.3 Graph blocks

In order to see how the depth of the neural network affected the performance of the
model, the model was tested with varying amounts of graph blocks, that being the
blocks making up the GNN part of the model, see Section 3.1.2. The results are
shown in Figure 4.3.

MAE = FD =MD F1, Precision and Recall
0.2000 60.00% w= F1 == Precision Recall
0.1500 T

y o000
50.00%
00500 20.00% 2500%

00000 000%

GGGGGGGGGGG

Figure 4.3: Fl-score, missed detections, false detections, and mean absolute error
between the detection and target for GNN-model with a varying number of graph-
blocks in its architecture.

The figures show a correlation between the number of graph blocks in the model
and its performance, with a higher number of graph blocks seemingly giving better
performance in all metrics. This suggests that increasing the number of graph blocks
enhances the model’s capacity to learn and represent complex relationships within
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the data, thereby improving its overall effectiveness in tasks such as object detection
and tracking.

4.1.4 Inital placement of supernodes

To investigate whether the initial placement of the supernodes affects model training,
two different initialization methods where tested. In the first method, all supernodes
were initialized at the same position, ensuring uniformity in their starting points.
In the second method, supernodes were placed randomly, introducing variability in
their initial positions.

MAE FD and MD F1 Score

Figure 4.4: Mean average error (MAE), false detection rate (FD), missed detection
rate (MD), and Fl-score of a GNN model trained using two different initialization
methods for the supernodes, one where all where initialized in the same position
and one where all where initialized at random positions.

As can be seen in Figure 4.4 the initial position of the supernodes significantly im-
pacts the early stages of model training. A random initialization outperforms the
uniform initialization during the initial epochs, demonstrating faster progress and
better performance early on. However, after a few hundred epochs, the differences
between the two methods diminish, and both approaches converge to similar per-
formance levels. This suggests that while random initialization provides an early
advantage, the model’s long-term performance is not heavily dependent on the ini-
tial placement of the supernodes.

4.1.5 Loss weights

Table 4.1 displays the results obtained by experimenting with different weights A
on the three components of the loss function described in Section 3.1.4. Further-
more, figures showcasing the detections and adjacency matrices are presented further
down for selected loss weight combinations that yielded particularly interesting re-
sults. These figures provide visual insights into the performance of the model under
different weighting schemes.

Figure 4.5 provides a prediction example by a model trained with equal weights for

all three loss components (A, = \; = Ay = 1). In this base case, both the detection
and linking performance are not particularly strong. The predicted detections are
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Loss weights | MAE | False detections | Missed detections | F1-score
1-1-1 0.1206 40.00 % 10.00 % 66.81 %
1-1-10 0.1607 42.44 % 13.67 % 67.63 %
10-1-1 0.1172 39.56 % 9.33% 54.91 %
1-10-1 0.1253 41.00 % 11.50 % 62.88 %

1-10-20 0.1786 15.33% 43.56 % 79.64 %

Table 4.1: Mean average error (MAE), false detection rate, missed detection rate,
and F1-score of a model trained with different loss weights. The loss weights column
is labeled using three numbers where the first number corresponds to Apace, the
second corresponds to Agetect, and the third one to Nk (Apiace-Adetect-Aiink ) -

notably distant from the target detections, indicating a significant error in object lo-
calization. Additionally, in the adjacency matrix, while the model successfully links
each object in the current frames to the corresponding objects in the next frame, it
creates double links for objects 2 and 4, falsely suggesting a split on these objects.
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Figure 4.5: (a) Predicted detections and targets (red circles) in three timesteps,
using a model trained with Aygce = Nink = Adetect = 1. (b) Predicted and target
adjacency matrices. The yellow squares indicate a connection between the detections
with the same labels as the row and column index.

Figure 4.6 illustrates a prediction example by a model trained with Apsee = 1,
Adetect = 10, A\jine = 20. In this case, the model fails by assigning only one detection
to represent both objects instead of individual detections for each object. This can
be observed in the figure, where the red detection circle is placed in the middle
between the two target objects
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Time Frame 0

Prediction
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Figure 4.6: (a) Predicted and target detections (red circles) in three timesteps
made using a model trained with Ajjace = 1, Adereer = 10, and Njpre = 20. (b)
Predicted and target adjacency matrix to the detections seen in (a). The yellow
squares indicate a connection between the detections with the same labels as the
squares’ row and column index.

4.2 MVAE-model

The results of the VAE-based model, as outlined in Section 3.2, are presented here.
This section begins with an examination of the testing conducted to determine
the optimal hyperparameters. Following this, there is a discussion of the findings
obtained from varying the input data. Lastly, example results from testing the
model with optimal parameters are provided and compared to detecting without
utilizing any attention mechanisms.

4.2.1 Hyperparameters

In the process of finding suitable hyperparameters, each parameter was individu-
ally tested, and the resulting metrics were recorded. The following hyperparameters
were examined: combine radius, number of entities, softmax temperature. Each
test is performed on a test dataset never before seen by the model comprised of 100
sequences containing 3 frames each. The model was trained for 100 epochs for each
test.

Figure 4.7 reveals that there is a trade-off between false detections and missed de-
tections as the radius parameter is adjusted. A low radius results in many false
detections, while a high radius leads to numerous missed detections. The optimal
radius appears to be around three, balancing these two types of errors to achieve the
best overall performance. Figure 4.8 indicates that the optimal number of entities
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for this specific model configuration is ten. At this number, the model performs
best across all metrics, suggesting that this configuration allows the model to ef-
fectively represent and process the data. Figure 4.9 demonstrates that the model
performs better with a higher softmax temperature. This implies that increasing
the temperature helps in achieving more confident and accurate predictions, leading
to improved model performance.
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Figure 4.7: Fl-score, missed detections, false detections, and mean absolute error

between the detection and target for different radii for which detections are com-
bined.
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Figure 4.8: Fl-score, missed detections, false detections, and mean absolute error
between the detection and target for different values of the hyperparameter "number
of entities".
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Figure 4.9: Fl-score, missed detections, false detections, and mean absolute error
between the detection and target for different values of the hyperparameter "softmax
temperature”".
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4.2.2 Object difference

To assess the model’s performance with different levels of uniformity between the
objects, two experiments were conducted: one using fixed particle sizes with a ra-
dius of 1 ym and another using random particle sizes with radii ranging uniformly
between 0.5 ym and 2 pm.

The experiments were conducted by repeating each test three times, and in each
test, the models were trained for 100 epochs. The results of these experiments are
summarized in Table 4.2. The findings clearly indicate that the model performs
better in all evaluated aspects when applied to a dataset with greater variations in
particle sizes.

MAE | Fl-score | Missed detections | False detections

Fixed (1) 0.019 49.78 % 15.36 % 29.29%
Fixed (2) 0.017 48.76 % 12.10% 29.00 %
Fixed (3) 0.012 44.84 % 20.68 % 29.10%
Fixed (mean) 0.016 4779 % 16.05 % 29.13%
Random (1) 0.013 60.44 % 519% 22.22%
Random (2) 0.011 | 58.82% 13.29% 14.11 %
Random (3) 0.012 | 62.54% 12.12% 28.85 %
Random (mean) | 0.012 | 60.93% 10.20 % 21.83%

Table 4.2: Comparison between how well the model predicts on particles with
fixed radii versus on particles with uniformly random radii. The comparison is
made using Mean absolute error (MAE), Fl-score, percentage of missed detections,
and percentage of false detections.

4.2.3 Sequence length

To evaluate the model’s ability to handle longer video sequences without sacrificing
inference performance, tests were conducted on sequences ranging from 3 frames to
20 frames. The results of these tests can be observed in Figure 4.10.

From the experiments, the average time required to train one epoch was also recorded
and plotted in Figure 4.11. This figure provides insights into the computational
efficiency and scalability of the model when processing longer video sequences. The
analysis of the results presented in Figure 4.10 makes it evident that the inference
performance of the model does not significantly suffer or improve with increasing
sequence length. Additionally, The linear scaling of training time with sequence
length, seen in Figure 4.11 implies that the model’s training process is efficient and
predictable.

4.2.4 Example of tracking using MVAE

Figure 4.12 shows two examples of objects in three subsequent time steps being
detected and linked temporally using the MVAE model. The model has been trained
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Figure 4.10: Fl-score, missed detections, false detections, and mean absolute error
between the detection and target for different video sequence lengths.
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Figure 4.11: The time it takes to train the model for one epoch on different video
sequence lengths.

for 500 epochs using the optimal hyperparameters found in the results from the
tests in Section 4.2.1, with "softmax temperature”: 10, "number of entities”: 10,
“combine radius”: 4, and "number of heads”: 1. The resulting mean absolute error,
false detection rate, missed detection rate, and F1l-score can be found in Table 4.3.

MAE | Fl-score | Missed detections | false detections
0.00217 81.2% 2.69% 7.84%

Table 4.3: The mean average error, missed detection rate, and false detection rate
of the MVAE-model trained for 500 epochs with ”optimal” hyperparameters.

4.2.5 Detection without attention

In order to find out if the added attention helps the detection to improve a model
without attention was trained using the same training and testing data set as well as
the same hyperparameters used in the previous section (Section 4.2.4). The mean
absolute error, missed detection rate, and false detection rate of both the model
with attention as well as the model without attention can be seen in Table 4.4
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(a) Successful object tracking with perfect detections and temporal trajectory links.

Time Frame 0 Time Frame 1 Time Frame 2

Frame 1

ime F

Time Frame 1

(b) Object tracking with perfect detections but imperfect temporal trajectory links
between time frame 1 and time frame 2.

Figure 4.12: Two examples of object tracking over three frames using the fully
trained MVAE model. The top row in each subfigure shows the original input image
as well as the predicted object detection (red circles). The bottom row shows the
temporal trajectory linking between objects in different time frames.
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MAE | Missed detections | false detections
With attention 0.00217 2.69 % 7.84%
Without attention | 0.00612 2.50 % 6.3 %

Table 4.4: The mean average error, missed detection rate, and false detection rate
when comparing the MVAE with and without attention. Each number is an average
over 3 test runs.
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Discussion

5.1 GNN-model

In this section, the results obtained from testing the GNN-based model, that can be
found in Section 4.1 will be discussed. The primary focus will be on analyzing the
aspects that did not work as expected and understanding the reasons behind these
limitations. In addition to this, what worked with the model will also be explored
along with what can be learned from it.

5.1.1 Balancing the loss functions

The results from Section 4.1.5 show that balancing the loss of the model is a chal-
lenging task due to the use of three independent loss functions. Despite various
attempts to balance the loss weights, the mean average error between the placement
of the predicted detections and the target detections did not improve beyond a value
of 0.1172. It’s important to note that the full width and height of the image have
been normalized to 1, meaning that an error of 0.1172 corresponds to approximately
12% of one image side, which is quite high. This can clearly be visualized when
comparing the red detection circles in the predicted and target image in Figure 4.5.

Furthermore, the results indicate that the model exhibits two distinct behaviors de-
pending on the values of the loss weight hyperparameters. When \; is small, the
model consistently predicts that every detection is a true detection. On the other
hand, when Ay and \; are relatively large compared to detection loss “outcompetes”
the placement loss and the model, therefore, tends to predict only one object in the
images, positioning it at the midpoint between all the target objects. An example
of this can be seen in Figure 4.6. This is a local minimum that arises due to the fact
that the loss function allows multiple targets to be assigned to the same prediction.
It is possible that this local minimum could be eliminated by modifying the loss
function to not allow for multiple assignments of targets to the same prediction.

5.1.2 Computational cost

In the GNN-neural network model, the calculation of the spatial attention between
the APR-graph nodes and supernodes involves creating a matrix of size M x N,
where M is the number of supernodes and N is the number of APR-graph nodes.
This can lead to computational and memory challenges as the number of supernodes
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or APR-graph nodes grows larger. For the number of supernodes, this is not a big
problem as it is a hyperparameter and approximation of the sum of objects in the
input sequence and should, therefore, never grow uncontrollably. However, when
dealing with larger image sizes, higher object occupancy, or longer image sequences,
the number of APR-graph nodes can significantly increase. For instance, with a
sequence length of 6 and an image size of 256 x 256, the number of APR-graph
nodes may, in the worst case, approach 400 000. This results in the creation of a
large attention matrix, which can pose computational and memory challenges.

There are ways to mitigate this problem. One approach is to connect only a subset
of the APR-graph nodes to each supernode. By doing so, the attention calculation
can be limited to the connected subset while still allowing supernodes to gather
information from non-connected APR-graph nodes through the message-passing
mechanism between APR-graph nodes. This strategy should reduce the overall
computational burden with a slight reduction in prediction quality. Additionally,
the APR-transform itself offers ways to reduce the number of APR-particles created.
By adjusting the parameters of the transform, of which there are many, the number
of APR-particles can be controlled. However, it’s important to note that modifying
these parameters would result in some loss of information during the transformation
process.

5.1.3 Adaptive particle representation

This section will outline the reasons why using the APR to transform images into
graphs was not suitable for the task investigated in this project.

Firstly, the anticipated result was that using the APR to transform images into
graphs would be advantageous in terms of memory usage since compression is a
key concept of APR. However, it was discovered that while using the straight APR
would have provided memory benefits, our approach of transforming the APR into
a graph by connecting particles with edges resulted in increased memory usage com-
pared to using the raw images as every edge added increased memory usage. This
posed a challenge, particularly considering the scalability issues that graph neural
networks already face [45].

Secondly, and more importantly, the transformation of an image into a graph using
this approach is not conceptually appropriate, as the primary advantage of em-
ploying graph neural networks lies in their ability to handle irregular data. Other
studies have demonstrated the feasibility of object detection using graph neural net-
works, particularly on point clouds [35], [36], which are inherently irregular. In
such cases, graph neural networks are preferred over attempts to fit irregular points
into a regular grid. However, when working with images, we already have a regular
grid structure, making grid-based approaches such as convolutional neural networks
more suitable than attempting to force the image into a graph representation.

Therefore, to use APR for neural network tasks, a recommended approach is us-
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ing it with convolutional neural networks. Previous successful work in this area,
specifically the master’s thesis by Jonsson [46], demonstrated the effectiveness of
integrating APR with CNNs. Subsequent advancements have been made to en-
hance the usability of APR for such tasks, as highlighted in a more recent work
by Jonsson [47]. These studies provide valuable insights into leveraging APR in
conjunction with CNNs, offering a promising direction for applying this approach
to neural network tasks that is not seen when combining APR with GNNs.

5.1.4 Linking trajectories

As discussed above both the placement and the detections were not working very
well in this model. And trying different hyperparameters and depths of the network
did not help improve this, as can be seen in Section 4.1.1, 4.1.2, and 4.1.3. However,
the trajectory linking showed promise with the model consistently scoring an F1-
score of over 80 %. This suggests that using attention between the latent features of
objects in different time steps as a mechanism to link the trajectories of the objects
through time has the potential to work but that it would require a model with a
better and more robust method for object detection, which is the reason why the
second model presented in this project, the MVAE-based model, was created.

5.2 MVAE-model

In this section, we will discuss the results obtained from testing the MVAE-based
model, presented in Section 4.2. We will begin by exploring the optimization of hy-
perparameters, as they play a crucial role in the model’s performance. We will then
discuss other factors that can influence the model’s overall performance. Lastly,
we will provide a brief discussion on what worked well with the model and what
requires further improvement.

5.2.1 Optimization of hyperparameters

Here, the results found in Section 4.2.1 when exploring hyperparameters related to
the MVAE-based model will be discussed.

From the results in Figure 4.7, it can be determined that the best value for combine
radius is somewhere around three and four, corresponding to a radius of approxi-
mately 5 or 6 percent of the image side length. Using a smaller radius leads to a
lot of the detections placed over the same target object not being combined, leading
to a bad linking F1l-score as well as many false detections. Having a higher radius
means that some detections that do not correspond to the same target object are
combined leading to one of the targets not having an exact match and therefore
increasing the amount of missed detections. Around a radius of three or four seems
to be the sweet spot where both the false detection rate and missed detection rate
are low, but this will, of course, differ between datasets.

41



5. Discussion

The model’s performance in relation to the number of entities used aligns with our
expectations. Initially, the model exhibits poor performance with fewer than six
entities, which is the maximum number of target objects in our simulation settings.
This is understandable since it is impossible for the model to detect all the objects
in cases where the number of target objects outnumbers the number of entities, re-
sulting in a high missed detection rate and high MAE. As the number of entities
increases to between six and ten, the performance improves significantly. The model
is able to accurately place the majority of the detections on top of the actual target
objects and combine them when multiple detections correspond to the same target.

When the number of entities exceeds ten, performance starts to deteriorate. This
occurs because the top KL-divergences no longer exclusively include the target ob-
jects but also include the background. As a result, multiple false detections emerge,
which are not eliminated as they do not correspond to any of the targets. This leads
to a decline in both the linking F1l-score and the false prediction rate. However,
the MAE between the targets and predictions is less affected because the detections
associated with the actual targets remain correctly placed.

Varying the softmax temperature in our experiments also yielded expected results,
with noticeable impacts on the model’s performance. Specifically, we observed that
increasing the softmax temperature had a positive effect on inference performance,
particularly in the area of temporal linking.

The improvement in temporal linking performance can be attributed to the increased
decisiveness of the attention mechanism at higher softmax temperatures. By rais-
ing the temperature, the attention becomes more confident in determining which
temporal links should be established. This results in each object in a given time
frame receiving more informative input from themselves in other time frames while
reducing the influence of other objects. Consequently, this enhanced training and
inference process contributes to improved performance.

5.2.2 Uniqueness of objects

The model uses attention based on cosine similarity between the latent spaces of
objects. As a result, it is reasonable to expect that the temporal linking perfor-
mance of the model improves when there is a greater difference between objects.
This expectation is supported by the results presented in Section 4.2.2.

Less expected is that the mean average error between the predicted and target place-
ment of the detections also improved when there was a higher difference between the
objects. This observation can be explained by considering the way the latent space
of each object in a time frame receives information from other objects in different
time steps based on the attention mechanism. When the difference between the
objects is greater, it is expected that the attention between two unrelated objects
in different time frames is lower. This results in less irrelevant and potentially dam-
aging information being propagated between unrelated objects, leading to improved
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accuracy in the predicted placement of detections.

These results suggest that the model has the potential to perform even better when
applied to real-world data compared to the simulated data used in this study. This
is particularly true when considering objects such as cells, where the inherent dif-
ferences between objects can be substantial

5.2.3 Suquence length

Based on the findings presented in Section 4.2.3, it is evident that the sequence
length does not have a significant impact on the inference performance of the model.
This observation aligns with expectations, as each object within a time frame only
receives information from the object one time step before and one time step after
its own time frame. Therefore, adding more time steps to the sequence should not
inherently improve or degrade the model’s performance. The model’s ability to
capture temporal dependencies and make accurate predictions, therefore, remains
consistent regardless of the sequence length as long as the temporal receptive field
of each object remains limited to its neighboring time steps.

However, it is important to note that there are challenges associated with longer
video sequences. Because the model processes whole image sequences at a time it
becomes computationally expensive to handle long sequences as you need to keep
all image frames in memory at the same time when predicting. This is an even
bigger problem in training where a batch size larger forces the model to keep mul-
tiple of these video sequences in memory at the same time. While this was never a
problem that came up in this work, it’s important to keep in mind that the train-
ing and testing were done on an Nvidia A100 with 40 GB video memory and that
the longest sequence that was trained and tested was 20 frames with a batch size
of 8, leading to a total of 160 images of resolution 64x64 px had to be kept in memory.

If the computational and memory limitations become an issue, one possible solution
is to split the long video sequences into multiple shorter overlapping sequences and
process them individually. These shorter sequences can then be connected after-
ward to obtain the complete trajectory. But this approach comes at the cost of
losing some of the end-to-end model’s usability, as it might become more complex
and less straightforward compared to a two-model-based architecture. The advan-
tage of simplicity and ease of use, which is a key benefit of the end-to-end model,
may be lost in this case.

A potential problem hypothesized when training on longer sequences was that longer
sequences would increase the training time in a non-linear fashion. But the results
shown in Figure 4.11 show that the time it takes to train the model one epoch does
in fact scale linearly with time and training times should therefore not be a problem
when training on longer sequences.
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5.2.4 Detection with and without attention

When comparing the performance of the MVAE model with and without the added
temporal attention layer, it was expected that the model with the attention layer
would outperform the model without it in terms of the placement of detections. The
assumption was that temporal attention would provide contextual information to
improve the model’s performance. However, the results presented in Section 4.2.5
indicate that there is no significant difference in terms of mean absolute error of
detection placement, false detection rate, or missed detection rate. These findings
suggest that the added attention layer does not have a significant impact, neither
positive nor negative, on the model’s ability to detect objects.

5.2.5 Resulting model

A significant advantage of utilizing a variation autoencoder model is its completely
unsupervised nature, eliminating the need for labeled data during training. This
characteristic provides several benefits over supervised models, as it eliminates the
labor-intensive task of manually labeling data which can be subjective and prone to
human error, potentially introducing inaccuracies into supervised models trained on
such data.

In terms of detection placement, this model exhibited excellent performance, achiev-
ing as low mean absolute as 0.002, equivalent to just 0.2 % of an image side, as seen
in Section 4.2.4. Additionally, the model demonstrated proficiency in accurately
eliminating superfluous detections, resulting in a low missed detection rate. How-
ever, it did exhibit a slight drawback by generating a few excessive false detections,
with a false detection rate of 7.84 %. If the false detections were isolated to a single
time step and lacked connections to subsequent frames, they could be easily elimi-
nated by discarding detections without temporal links. Unfortunately, the way the
current model incorporates temporal linking by having every detection in each time
frame always connect to exactly one detection in the subsequent frame makes this
solution unfeasible. An alternative solution to removing false detections, therefore,
needs to be made.

Another existing issue with the model pertains to the reliability of its temporal link-
ing. Although the model achieved F1l-scores exceeding 80 %, which is a promising
result, it falls short of meeting the quality necessary for practical applications. To
enhance the quality of these temporal links, one potential approach could involve
introducing a separate loss function, similar to what is done in the GNN model.
This modification is likely to improve the accuracy of temporal linking. However,
it would come at the cost of requiring labeled training data, thereby negating the
advantages associated with the model’s unsupervised nature, as discussed earlier.

An observation from Figure 4.12b is that the model tends to struggle with temporal

linkings between objects that have similar shapes and sizes but are positioned far
apart, such as objects 0 and 4 in the third time frame. This suggests that the model
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places more emphasis on object features like shape and brightness rather than their
spatial positions when comparing objects across frames. To improve the temporal
trajectory linking F1-score, it may be beneficial to encourage the model to pay more
attention to the positional information of the objects by adding positional features
to the object information that gets passed to the attention layer.

5.3 Future work

The MVAE-model exhibits promising potential, opening up numerous avenues for
future research in the domain of end-to-end object tracking. The following list
presents some of the most interesting directions for further exploration of this model:

o As discussed previously the temporal linking is not good enough to be trusted
in real applications, therefore, the first thing to explore in future research
should be focused on ways to improve the use of spatial position when calcu-
lating the temporal attention.

o Another approach to potentially increase the performance of the temporal tra-
jectory linking that would be interesting to explore is to add a separate loss
function similar to the one used in the GNN-model. This could have the po-
tential to increase the temporal linking by quite a lot but would come at the
cost of sacrificing the unsupervised nature of the model.

o Another improvement that could be interesting to investigate is allowing the
model to create longer temporal links between objects instead of only allowing
each object to connect to the object in neighboring frames. This would give
the model the ability to easily remove false detections that are not connected
to detections in other frames.
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Conclusion

The idea of a single end-to-end object-tracking neural network model is promising.
The supervised GNN was able to track the object in time with a consistent F1-score
of over 80 % but did not succeed in localizing the objects with precision, while the
unsupervised MVAE performed well in both.

The unsatisfactory performance of the GNN model can largely be attributed to
its attempt to convert an image into a graph representation instead of harnessing
the inherent advantages of image data. The transformation of the image into an
APR-graph did not yield any discernible benefits. Additionally, the GNN model
encountered challenges in effectively balancing multiple loss functions, adding to its
complexity. Moreover, the computational cost of the model increased significantly
as the attention matrix between the APR-graph and supernodes grew substantially
with an increase in the number of nodes in the APR graph, which typically occurs
when the image size increases.

The MVAE model, in contrast, yielded promising results in terms of detection and
temporal linking. It achieved low mean absolute error in detecting object placements
and demonstrated a minimal number of missed detections. There were slightly more
false detections observed. The temporal linking performance was comparable to that
of the GNN model, with an Fl-score exceeding 80 %. While this is an encouraging
result, further improvements are necessary to make the model viable for practical
applications.

Even though neither of the models presented is able to perform at the same level
as the current state-of-the-art models, the project shows that it is possible to track
objects in time in a single end-to-end model. By spending more time refining the
MVAE model further, by for example, making the attention put more focus on the
spatial position of the objects, it is possible that the model will have the potential
to outperform the current state-of-the-art models.
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