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Abstract

Conventional semantic ‘instance’ segmentation methods offer a segmentation mask for
each object instance in an image along with its semantic class label. These methods excel
in distinguishing instances, whether they belong to the same class or different classes,
providing valuable information about the scene. However, these methods lack the ability
to provide depth-related information, thus unable to capture the 3D geometry of the scene.

One option to derive 3D information about a scene is monocular depth estimation.
It predicts the absolute distance from the camera to each pixel in an image. However,
monocular depth estimation has limitations. It lacks semantic information about object
classes. Furthermore, it is not precise enough to reliably detect instances or establish depth
order for known instances.

Even a coarse 3D geometry, such as the relative depth or occlusion order of objects
is useful to obtain rich 3D-informed scene analysis. Based on this, we address occlusion-
ordered semantic instance segmentation (OOSIS), which augments standard semantic in-
stance segmentation by incorporating a coarse 3D geometry of the scene. By leveraging
occlusion as a strong depth cue, OOSIS estimates a partial relative depth ordering of in-
stances based on their occlusion relations. OOSIS produces two outputs: instance masks
and their classes, as well as the occlusion ordering of those predicted instances.

Existing works pre-date deep learning and rely on simple visual cues such as the y-
coordinate of objects for occlusion ordering. This thesis introduces two deep learning-
based approaches for OOSIS. The first approach, following a top-down strategy, determines
pairwise occlusion order between instances obtained by a standard instance segmentation
method. However, this approach lacks global occlusion ordering consistency, having un-
desired cyclic orderings. Our second approach is bottom-up. It simultaneously derives
instances and their occlusion order by grouping pixels into instances and assigning oc-
clusion order labels. This approach ensures a globally consistent occlusion ordering. As
part of this approach, we develop a novel deep model that predicts the boundaries where
occlusion occurs plus the orientation of occlusion at the boundary, indicating which side
of it occludes the other. The output of this model is utilized to obtain instances and their
corresponding ordering by our proposed discrete optimization formulation.

To assess the performance of OOSIS methods, we introduce a novel evaluation metric
capable of simultaneously evaluating instance segmentation and occlusion ordering. In
addition, we utilize standard metrics for evaluating the quality of instance masks. We also
evaluate occlusion ordering consistency, and oriented occlusion boundaries. We conduct
evaluations on KINS and COCOA datasets.
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Chapter 1

Introduction

Given an input image, the task of semantic instance segmentation is to generate masks for
individual objects in an image, along with their corresponding class labels. Unlike semantic
segmentation, which classi�es each pixel into pre-de�ned categories, instance segmentation
also aims to separate objects of the same class and distinguish them as separate instances.
This technique provides more detailed and precise information about the objects present in
an image. Figure 1.1 provides an example of semantic instance segmentation and compares
it with semantic segmentation.

Figure 1.1: Comparison of semantic segmentation and semantic instance segmentation.
On left, dark blue shows `background' class, purple shows `car' class and light blue shows
`bicycle' class. On right, light blue shows the background. Other colors are random for
distinguishing di�erent object instances. Note that in instance segmentation there is an
object class predicted for each mask as well, such as `car', `pedestrian', or `bicycle', which
is not shown in the �gure for simplicity.

Instance segmentation has a wide range of applications in various �elds. It plays a cru-
cial role in autonomous driving [24, 83], where it assists in understanding the environment
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Figure 1.2: Monocular depth estimation example from [85]. Warmer colors show smaller
depth.

by identifying and tracking di�erent objects such as cars, and pedestrians. Further, in-
stance segmentation �nds utility in robotics [35, 119], video surveillance [106, 79], remote
sensing imagery [15], aerial imagery [117], and biomedical imaging [20] where accurate
object localization and distinction are essential for performing speci�c tasks.

Classic instance segmentation methods, such as [40, 14, 112] adopt a two-stage pipeline
involving bounding box generation followed by pixel-wise segmentation within the boxes.
While achieving high accuracy, these methods su�er from ine�ciency. Recently, contour-
based methods, including [128, 64, 28] have gained attention due to their e�ciency and
accuracy. Instead of working with instance masks, they deal with instance contours. They
represent contours using a limited number of vertices (e.g., 128) and try to regress these
vertices using deep networks. By treating instance segmentation as a contour regression
task, they reduce computational complexity compared to mask-based methods. These
methods have demonstrated high accuracy while being computationally e�cient, showing
promise for real-time instance segmentation [128].

Since an image is a 2D projection of a 3D scene, one may want to ask questions related
to 3D geometry. However, answering depth-related questions from just semantic instance
segmentation is not possible, at least without further processing/learning. For example, a
sofa can be to the left of a person in the image but it could be either behind or in front
of the person in the corresponding 3D scene (from the camera's viewpoint). Augmenting
semantic instance segmentation with depth-related information and relations among the
objects can provide a signi�cantly richer understanding of the scene.

One way to extract 3D information about a scene is monocular depth estimation.
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Figure 1.3: Monocular depth estimation has limitations. The pieces of cardboard on the
wall are assigned almost the same depth as the wall behind them disabling the recovery
of their relative depth ordering. The depth map is obtained using MiDaS [85] estimator.
Warmer colors show smaller depth.

Monocular depth estimation receives asingle input image and predicts the absolute dis-
tance from the camera for each pixel. Figure 1.2 shows an example of the input and output
of a monocular depth estimator. Recent monocular depth estimation methods [25, 85] use
deep learning architectures of encoder-decoder type, where the encoder extracts features
and the decoder generates a depth map. Some methods [2, 1] incorporate skip connections
or attention mechanisms for better performance. These models are trained on paired RGB
images and ground-truth depth maps. During training, the models minimize the di�erence
between predicted and ground-truth depth maps using loss functions. These methods have
shown promising results in various applications of monocular depth estimation, such as
navigation, autonomous driving, and virtual reality [134, 102, 107, 121].

Monocular depth estimates 3D geometry, but it lacks semantic information. Also, as
we show in this thesis, it is not accurate enough neither to detect instances nor to establish
depth order for known instances detected by other approaches. For example, consider a
thin cardboard sheet leaning on a wall as in Figure 1.3. Since the resolution is limited,
the cardboard and the wall are likely to get equal depth estimates. Yet the relative depth
order of the cardboard is in front of the wall. In general, predicting the exact absolute
depth of each pixel is a hard task. On the other hand, determining therelative depthorder
of objects is signi�cantly easier, even for humans. Meanwhile, it can provide very useful
3D information about the scene.

Actually, tackling the hard task of absolute depth estimation is unnecessary for an-
swering many interesting questions about the 3D geometry of scenes, e.g. if a pedestrian
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is behind a car or in front of it in a driving scene. In fact, knowing the relative depth of
objects gives a coarse 3D geometry of the scene that is useful in many applications. For
example, understanding driving scenes [130], scene collaging [46], where one splits the im-
age into several depth layers to understand complex scenes, and scene/video editing [122]
where one can remove certain layers or add new layers from other scenes, can all bene�t
from such a coarse 3D geometry, i.e. relative depth ordering of objects. Interestingly, hu-
mans are highly skilled at ordering objects by depth in images and even line drawings [23].
Humans are known to rely onocclusion cues for deriving such orderings [75, 51, 43].

Occlusion refers to the phenomenon where one object obscures parts of another object in
an image or a scene. Occlusion can occur when objects overlap in the image plane or when
one object is positioned in front of another in a 3D scene. Understanding occlusion relations
is important for amodal segmentation [83, 133], optical 
ow estimation [45, 116], and scene
understanding [46, 104]. Occlusions are a strong depth ordering cue [43]. Given a pair of
objects, humans easily determine which one occludes the other, and there are datasets [83,
133] with such pairwise annotations. Given a set of pairwise occlusion relations, we can
recover the relative depth order between any pair of instances connected by a monotonic
chain, i.e. each object in the chain occludes (or is occluded by) the next object. Hence,
occlusion ordering, de�ned as establishing the correct order in which objects occlude each
other from the camera's viewpoint, can provide a coarse 3D geometry of the scene. For
example, in Fig. 1.5, right, thirteen objects on the right are in a known occlusion order.
As discussed, such a coarse 3D geometry can answer many interesting question about the
scene for di�erent applications.

Motivated by the above, we addressOcclusion-Ordered Semantic Instance Segmentation
(OOSIS). The goal of OOSIS is to produce instance masks, their corresponding semantic
classes, and their partial relative depth order based on occlusions. We can visualize occlu-
sion order using either a graph, where nodes are instances and directed edges are inserted
for known adjacent occlusions, or a relative depth map, where an instance is assigned a
larger intensity than any other instance it occludes. Figure 1.4 shows an example of the two
possible visualizations. Besides, Fig. 1.5 is an illustration of our input and output, which
consists of instances with their corresponding classes, and their occlusion order, which is
visualized as a relative depth map in Fig. 1.5.

OOSIS is useful for applications such as image captioning [52], question answering [67],
and retrieval [50], where one is interested in a more detailed 3D description of the scene.
Such descriptions are more insightful than a soup of orderless objects [130]. OOSIS is also
useful for scene de-occlusion [127], which tries to �nd occlusion ordering and complete the
invisible parts of the occluded objects. Scene/video editing [122] can also bene�t from
OOSIS as it helps to extract objects and organize them in ordered layers. In general,
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OOSIS can also help scene understanding in other applications such as in autonomous
driving [83], and medical imaging [21].

Figure 1.4: Occlusion order can be visualized either as a depth map or as a graph. In the
depth map visualization, the background is black, and each instance is brighter than all of
its occludees. In the graph visualization, each instance is a node and there is an edge from
occluders to each of their immediate occludees.

Figure 1.5: Illustration of occlusion-ordered semantic instance segmentation (OOSIS).
Given an image, we output the instances with their corresponding classes, and their occlu-
sion order, visualized as a relative depth map. The semantic classes of extracted instances
is not shown here for simplicity.

Contributions

Our work is the �rst to address OOSIS in the context of deep learning. There are some
works prior to deep learning [122, 46, 104], however, they are based on simple occlusion
heuristics, such as size, or y-coordinate, see Chapter 3 for more details.

We initially show the failure of two naive deep learning-based methods, underscoring
the importance of our later carefully designed approaches. In the �rst naive method, a deep
model is directly trained to simultaneously predict both the relative depth and instance
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labels. This model exhibits severe limitations in accurately extracting instance masks for
objects within the scene and encounters di�culties in handling occlusion scenarios.

The second naive method employs two separate deep learning models. A deep model
estimates the monocular depth map of the input image, and another deep model performs
semantic segmentation. Using the obtained semantic segmentation, we identify the non-
background pixels and apply clustering on their depth values, which were derived from the
estimated depth map. This method also yields poor results due to the inherent inaccuracy
of monocular depth estimation for precise detection of instances as discussed.

To accomplish the challenging task of OOSIS, we propose two e�ective approaches.
Our �rst approach is top-down. It �rst applies standard semantic `instance' segmenta-
tion [41, 128] and then estimates pairwise occlusion order between neighboring instances.
The advantage of the top-down approach is that we can use state-of-the-art instance seg-
mentation to get accurate masks. The disadvantage is that because occlusions are esti-
mated in a pairwise fashion, they are not globally consistent. For example, we may have
estimated that A occludesB, B occludesC, and C occludesA, leading to A occludesA.
Occlusion cycles in ground truth are exceedingly rare, the overwhelming majority of cycles
are from errors in pairwise occlusion estimates.

Our second approach is bottom-up, which means we group pixels into instances with
proper occlusion ordering. It performs instance segmentation and occlusion ordering simul-
taneously by formulating it in CRF framework [10]. For this formulation, we need oriented
occlusion boundaries, and we design a novel CNN model for this task, outperforming prior
occlusion boundary methods [84]. The advantage of our bottom-up approach is that it pro-
duces globally consistent occlusion ordering. In addition, our bottom-up approach is also
a novel method for standard instance segmentation, but it requires occlusion annotated
ground truth.

To comprehensively assess the e�ectiveness of methods for OOSIS, we additionally de-
vise a novel evaluation metric. This metric evaluates the quality of instance mask extraction
and the performance of global occlusion ordering simultaneously, using both predicted and
ground truth instance masks and occlusion graphs as inputs and producing Accuracy vs.
Recall curves for each method.

We evaluate our approaches on KINS [83] and COCOA [133] datasets, using both
standard metrics for instance masks, and our new metric for global occlusion order. In
general, standard bottom-up approaches perform worse than the standard top-down ones
for instances' mask quality. However, the accuracy ofour bottom-up approach is similar or
better, depending on the metric, thanour top-down approach. Our bottom-up approach
is also better at occlusion order because it recovers a globally consistent cycle-free order.
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Thesis Organization

In the following, we �rst explain the necessary background for neural networks, deep learn-
ing, and discrete optimization in Chapter 2. Then, in Chapter 3, we discuss the related work
in detail. Chapter 4 explains the naive methods in more detail and qualitatively demon-
strates their poor performance. We elaborate on our two proposed e�ective approaches
in Chapter 5, for our top-down approach, and Chapter 6, for our bottom-up approach.
Chapter 7 presents various experiments and results for a comprehensive comparison of our
approaches and baselines on the datasets and tasks discussed.
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Chapter 2

Background

2.1 Neural Networks

In recent years, there has been a tremendous surge in the popularity of Arti�cial Intelligence
(AI), Machine Learning (ML), and Deep Learning (DL). These technologies have gained
widespread recognition across various domains, such as computer vision, natural language
processing, and speech recognition. If one wants to clarify the relation between these
topics, it can simply be described by DL� ML � AI. ML's main objective, and hence
DL's, is to enable machines tolearn from observed data. This process involves feeding
a dataset, which is a set of observed historical data, into the system. The system is
supposed to utilize analytical and statistical techniques to learn from the data so that
after the learning phase, also calledtraining phase, it can generate accurate predictions
for new unseen inputs. ML and DL techniques aim to enhance the machine's ability to
understand and interpret complex structures within data, i.e. its ability to learn.

In this work, we focus on a subset of ML, calledSupervised Learningin which the
algorithms rely on labeled data. It means that each sample in the training dataset has
a corresponding label, which is the desired prediction for that input. For instance, if we
want to classify di�erent input images by the category of the object present in them,
then a training sample would be an image plus a class label, such as `cat', `car', etc. By
utilizing labeled data, we aim to train models that can accurately predict or classify future
examples based on the knowledge gained from the provided labels. Supervised learning
algorithms are versatile and can be applied to two main types of problems: classi�cation
and regression. Classi�cation involves predicting \discrete" labels or categories, while
regressiondeals with predicting \continuous" values, such as price.
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Figure 2.1: The internal structure of a neuron in a neural network. Image is from [6].

The following delves into the basics of machine learning, neural networks, and deep
learning, establishing an introduction to the underlying concepts and principles.

2.1.1 Basics

Structure

A neural network is a computational model inspired by the structure and functioning of the
human brain's neural networks [5]. A neural network receives an input and processes it to
generate a �nal output for that input. An input can be di�erent across di�erent domains.
For instance, if we work with images, our input would be the intensity values of all pixels
of the image. Neural networks consist of interconnected nodes, called neurons that are
organized in layers. Each neuron receives input signals, processes them, and produces an
output signal. The basic components of a neural network include:

ˆ Neurons : Neurons are the fundamental processing units within a neural network.
They receive input signals, perform computations on them, and produce output sig-
nals. Figure 2.1 describes the internal structure of a neuron. For each neuron, the
process of producing the output from the received input is as follows. Figure 2.1
depicts the procedure. The inputs, denoted asx1; x2; : : : ; xn , are multiplied by their
corresponding weights, represented asw1; w2; : : : ; wn , respectively. The weighted in-
puts and the bias termbare then summed together. This summation is subsequently
passed through anactivation function, denoted asf , which generates the output of
the neuron, y. Mathematically, this can be represented asy = f (

P
i (wi x i ) + b).
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Figure 2.2: A visualization of a simple neural network with only one hidden layer. Image
is from [76].

It can also be represented using vector operations. Considerw as a column vector
where its i -th element iswi . Likewise, supposex is a column vector made fromx i s.
Then, y = f (wT x + b) [5]. Each neuron has its own weights, bias, and activation
function.

ˆ Layers : Neurons are organized into layers, typically categorized as the input layer,
hidden layers, and output layer. The input layer receives the initial input data,
while the output layer produces the �nal output or prediction. The hidden layers,
located between the input and output layers, perform intermediate computations and
extract features from the input data. The important thing about layers is that they
are stacked so that the input of one layer is the output of the previous layer or a
combination of the outputs of several previous layers. Hence, the layers are the same
in the essence of their working structure and they process the original input further
and further. Figure 2.2 depicts a simple neural network with one hidden layer. A
neural network can have arbitrarily large numbers of hidden layers. Figure 2.3 shows
a neural network with three hidden layers. When all neurons in a layer are connected
to all neurons of the previous layer, the layer is called a Fully Connected Layer. A
network consisting of fully connected layers is called a Fully Connected Network
(FCN).

Now, the question is how neural networks learn. The answer lies in the training proce-
dure explained below.
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Figure 2.3: Visualization of a neural network with three hidden layers. The output of one
layer is the next layer's input. Image is from [118].

Learning and Training

The learning process of neural networks involves updating theparametersof the network
to improve its ability to make accurate predictions. The parameters include the described
weights and biases for all neurons of all layers. It is obvious that the output of the network
solely depends on the weights, biases, and activation functions described. If the activation
functions themselves have any parameter, they will also be considered as a parameter
that can be learned and updated during the training phase. Updating all weights and
parameters of the network is achieved through a mechanism calledbackpropagation[91].

During training, the neural network takes the input data and produces output pre-
dictions. This step is calledforward propagationas the information 
ows from the input
layer to the output. The produced predictions are compared to the desired or true labels
using a loss function, which quanti�es the error or mismatch between the predicted and
actual values. The goal is to minimize this error by adjusting the weights of the network.
Backpropagation [91] is a technique used to determine how each weight in the network con-
tributes to the overall error. The backpropagation algorithm distributes the error across
the layers of the network based on the contribution of each weight. It applies the chain
rule of calculus to compute the gradients e�ciently by propagating the error gradients
backward layer by layer. Once the gradients are computed, an optimization algorithm,
such asgradient descent[16] or one of its variants, is used to update the weights. The
update is performed by taking a step in the direction opposite to the gradient. Alearning
rate determines the size of the step, which controls the speed of convergence.

The weight updates gradually re�ne the network's performance over multiple iterations
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or epochs. By repeatedly presenting the training data to the network (forward propaga-
tion), adjusting the weights through backpropagation and optimization, and �ne-tuning
the predictions, the network learns to generalize patterns and improve its accuracy on
unseen data.

In the following, we elaborate on activation functions, loss functions, and optimizers
such as gradient descent.

Activation Functions

An activation function in a neural network determines the activation level of a neuron, indi-
cating whether it should be \�red" or activated based on its input. It serves as a threshold
or decision-making mechanism for the neuron, determining the relevance or importance
of its input in the prediction process. By applying simple mathematical operations, the
activation function transforms the input signal into an output signal that represents the
neuron's activation state. This activation or non-activation decision is crucial in the over-
all functioning and learning capabilities of the neural network, as it allows the network
to model complex relationships and make predictions based on the importance of speci�c
inputs. Also, activation functions play a crucial role in neural networks by introducing
non-linearity to the network's computations [30, 29]. They determine the output of a neu-
ron based on its input. Activation functions enable neural networks to make non-linear
transformations on the input data.

The most common activation functions used in neural networks are as follows [29].

ˆ Sigmoid : The sigmoid activation function, also known as the logistic function, maps
the input to a value between 0 and 1. It has the mathematical form

f (x) =
1

1 + e� x
: (2.1)

The sigmoid function is widely used in binary classi�cation problems because it
squashes the input to a probability-like output, where values closer to 0 indicate
the presence of one class, and values closer to 1 indicate the presence of another
class. However, the sigmoid function su�ers from vanishing gradients, limiting its
e�ectiveness in hidden layers of neural networks. Vanishing gradients refer to a phe-
nomenon that can occur during the training of deep neural networks, where the
gradients calculated during backpropagation become extremely small as they prop-
agate from the output layer to the earlier layers. This results in the weights of the
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earlier layers being updated very slowly, or not being updated at all, impeding the
learning process.

ˆ Softmax : The softmax activation function is commonly used in multi-class classi�-
cation problems. It takes a vector of inputs and produces a probability distribution
over multiple classes, ensuring that the sum of the output probabilities is equal to 1.
The softmax function is de�ned as

f (x i ) =
ex i

P n
j =1 ex j

; (2.2)

wherex i is the input to the i -th neuron and n is the total number of classes. Soft-
max is often used in the output layer of the network to produce normalized class
probabilities for classi�cation tasks.

ˆ Tanh (Hyperbolic Tangent) : The hyperbolic tangent function, denoted astanh(x),
is similar to the sigmoid function but maps the input to a range between -1 and 1.
It is de�ned as

f (x) =
ex � e� x

ex + e� x
: (2.3)

Tanh is useful when working with data that ranges from negative to positive values
and is symmetric around zero. Like the sigmoid function, tanh su�ers from vanishing
gradients for extreme input values.

ˆ ReLU (Recti�ed Linear Unit [34]) : The ReLU activation function is de�ned as

f (x) = max(0 ; x); (2.4)

where x is the input to the neuron. ReLU sets negative inputs to zero and keeps
positive inputs unchanged. This simple yet e�ective function introduces sparsity,
accelerates training, and mitigates the vanishing gradient problem. ReLU is widely
used in deep neural networks and has contributed to the success of many state-of-
the-art architectures.

Loss Functions

In machine learning and optimization tasks, a loss function, also known as a cost function
or objective function, is a mathematical function that quanti�es the discrepancy or "loss"
between the predicted outputs of a model and the actual or desired outputs. It serves as
a measure of how well the model is performing on a given task.
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The purpose of a loss function is to provide a numerical representation of the model's
performance, allowing it to be optimized and improved through the process of training.
By evaluating the loss, the model can adjust its internal parameters, such as weights and
biases, to minimize the discrepancy between predictions and ground truth values.

The choice of a suitable loss function depends on the speci�c problem and the nature
of the data. Di�erent tasks, such as classi�cation, regression, or sequence generation, often
require di�erent loss functions. Here are a few commonly used loss functions [48]:

ˆ Mean Squared Error (MSE) : MSE is widely used for regression tasks. It cal-
culates the average squared di�erence between the predicted and actual values. It
penalizes larger errors more heavily due to the squared term. The formula for MSE
is

MSE =
1
n

X

i

(yi � ŷi )2; (2.5)

whereyi represents the actual target value, ^yi represents the predicted value, and n
is the total number of samples.

ˆ Binary Cross-Entropy [90]: Binary cross-entropy is typically used for binary clas-
si�cation problems. It measures the dissimilarity between the predicted probabilities
and the true binary labels, quantifying the information loss. Its formula is

BCE = �
1
n

X

i

(yi log(ŷi ) + (1 � yi ) log(1 � ŷi )) ; (2.6)

whereyi represents the true binary label (0 or 1), ^yi represents the predicted proba-
bility, and n is the total number of samples.

ˆ Categorical Cross-Entropy [90]: Categorical cross-entropy is suitable for multi-
class classi�cation problems. It calculates the average cross-entropy loss across all
classes, comparing the predicted class probabilities with the true class labels. It can
be formulated as

CE = �
1
n

X

i

X

j

yi;j log(ŷi;j ); (2.7)

whereyi;j represents the true class label (0 or 1) for samplei and classj , ŷi;j represents
the predicted probability for sample i and classj , and n is the total number of
samples.
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ˆ Weighted Binary Cross-Entropy [97]: The weighted binary cross-entropy ex-
tends this by introducing weights to the loss calculation. The weights assigned to the
positive class (wpos) and the negative class (wneg) allow for emphasizing the impor-
tance of correctly predicting the positive class or addressing class imbalance issues.
It is formulated as

wBCE = �
1
n

X

i

([wposyi log(ŷi ) + wneg(1 � yi ) log(1 � ŷi )]); (2.8)

whereyi represents the true binary label (0 or 1), ^yi represents the predicted prob-
ability, n is the total number of samples,wpos is the weight assigned to the positive
class (class 1), andwneg is the weight assigned to the negative class (class 0). By mul-
tiplying each term in the loss calculation by the corresponding weight, the weighted
binary cross-entropy loss function gives more signi�cance to the positive class during
training, allowing the model to focus on correctly predicting the positive class based
on the assigned weight.

Optimizers

Optimizers are algorithms used in machine learning to update the parameters of a model
during the training process. Their primary purpose is to minimize the loss function and
optimize the model's performance. Optimizers determine how the model's parameters,
such as weights and biases, are adjusted based on the gradients of the loss function with
respect to those parameters.

The gradient of the loss function w.r.t the parameters represents the direction and
magnitude of the steepest increase in the loss function. Optimizers utilize this informa-
tion to iteratively update the model's parameters, gradually moving them in a direction
that reduces the loss and improves the model's predictions. Figure 2.4 shows a simpli�ed
work
ow of optimization based on gradients.

There are various types of optimizers available, each with its own update strategy.
Some of the commonly used optimizers include:

ˆ Gradient Descent [16]: The basic form of optimization, where the model's param-
eters are updated by taking steps proportional to the negative gradient of the loss
function.

ˆ Stochastic Gradient Descent (SGD) [87, 3]: A variation of gradient descent that
randomly selects a subset of training samples (mini-batch) for each update step. This
helps accelerate the training process and improve convergence.
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Figure 2.4: Optimizing based on gradient descent. Starting from the initial weights, the
mode re�nes the weights using the gradients of the loss function w.r.t the weights to reach
the optimal weight values. The learning rate determines the size of the steps. Image is
from [39].

ˆ Adam (Adaptive Moment Estimation) [55]: An adaptive learning rate opti-
mization algorithm that computes individual adaptive learning rates for di�erent
model parameters. It combines the advantages of AdaGrad [31] and RMSprop [103]
methods to provide e�cient and e�ective optimization.

The choice of optimizer depends on the speci�c problem, dataset, and model architec-
ture. Di�erent optimizers have di�erent behaviors and may converge at di�erent rates. It
is often recommended to experiment with di�erent optimizers and learning rates to �nd
the optimal combination for a given task.

The learning rate is a hyperparameter that determines the step size at which the model's
parameters are updated during training. It controls the speed and magnitude of the ad-
justments made to the model's parameters in response to the computed gradients of the
loss function.

The learning rate is a crucial parameter as it in
uences the convergence and stability of
the training process [47]. If the learning rate is set too high, the updates to the parameters
may be too large, causing the training process to oscillate or even diverge. On the other
hand, if the learning rate is set too low, the updates may be too small, resulting in slow
convergence and prolonged training time [13].

2.1.2 Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) [61, 59] are a class of deep learning models speci�-
cally designed for analyzing visual data, such as images. CNNs have revolutionized the �eld
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Figure 2.5: Visualization of a convolutional neural network (CNN). Image is from [93].

of computer vision by demonstrating exceptional performance in various tasks, including
image classi�cation [61, 59, 96, 42], object detection [86], and image segmentation [132, 88].
Figure 2.5 visualizes an example of a CNN. CNNs are basically di�erent from Fully Con-
nected Networks (FCNs), like the ones we have described so far, by using two layers, namely
convolution and pooling layers. The following explains each of them.

Convolution Layers

Convolutional layers are fundamental building blocks of Convolutional Neural Networks
(CNNs) and play a crucial role in capturing and extracting local features from input data,
especially in the context of images. A convolutional layer applies a set of learnable �lters
(also known as kernels) [54] to the input data using the convolution operation.

The convolution operation involves sliding the �lters across the input data and comput-
ing the element-wise multiplication between the �lter and the corresponding local receptive
�eld of the input [54]. Figure 2.6 shows an example of such an operation. This process
results in a feature map, which represents the �ltered response of each �lter to di�erent
local regions of the input [54]. The �lters in a convolutional layer are responsible for de-
tecting speci�c patterns or features, such as edges, textures, or more complex structures,
at di�erent spatial locations [54].

Each �lter in a convolutional layer is typically small in spatial size but extends across
the full depth (number of channels) of the input data. This depth-wise connectivity allows
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Figure 2.6: An example of a single convolution �lter operating on an input image. In each
step, the �lter shifts by stride= 1 to the right or down to produce the result. The kernel
size is 3� 3 and there is no padding in this example. The values for the �lter are written
at the bottom right corner of each cell. Image is from [33].

the �lters to capture both spatial and channel-wise information simultaneously. The �lters
are shared across the entire input, meaning the same set of weights is used at every spatial
location, enabling the network to detect similar patterns regardless of their position in the
input [54].

To further enhance the capability of capturing spatial information, convolutional layers
often incorporate additional operations. These operations include:

ˆ Padding : Padding involves adding extra border pixels to the input data to preserve
the spatial dimensions of the input and avoid reducing the size of the feature map.
Padding helps to maintain spatial resolution and prevent information loss at the
borders of the input. Padding is usually employed by adding zeros [54].

ˆ Stride : Stride determines the step size at which the �lters are applied to the input
during the convolution operation. A stride of 1 means the �lters move one pixel at a
time, preserving the spatial resolution. Larger stride values result in a smaller output
size but can help reduce computational complexity [54].

Convolutional layers are typically stacked together to form deeper networks, allowing
the model to learn hierarchical representations of increasing complexity [54]. The output
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of one convolutional layer serves as the input to the next layer, enabling the network to
capture high-level features by progressively combining low-level features.

CNNs di�er from fully connected networks (FCNs) in their architectural design and
their ability to exploit spatial hierarchies in data. Here are some key di�erences between
CNNs and FCNs:

ˆ Local Connectivity : CNNs take advantage of the local connectivity of neurons in
the visual cortex. Each neuron in a convolutional layer is connected to only a small
local region in the input image, allowing them to focus on local patterns and features.
In contrast, FCNs connect each neuron to every neuron in the previous layer, lacking
the notion of spatial locality [54].

ˆ Shared Weights : CNNs utilize shared weights across di�erent spatial locations in
the input. The same set of weights (�lters) is applied to di�erent parts of the input,
enabling the network to learn and detect patterns regardless of their position in the
image. FCNs, on the other hand, have independent weights for each connection,
resulting in a large number of parameters and less weight sharing [54].

ˆ Hierarchical Feature Extraction : CNNs employ a hierarchical structure to cap-
ture increasingly complex features. Lower layers in a CNN learn simple features like
edges and textures, while higher layers learn more abstract features like shapes and
objects. This hierarchical feature extraction allows CNNs to represent and recognize
complex visual patterns e�ectively. FCNs lack this explicit hierarchical structure [54].

ˆ Translation Invariance : CNNs inherently possess translation invariance, meaning
they can recognize patterns regardless of their position in the image. This property
makes CNNs robust to small variations and enables them to generalize well to new,
unseen images. FCNs, without the convolutional and pooling operations, lack this
translation invariance [54].

Atrous Convolution

Atrous convolution, also known as dilated convolution [44, 92], is an operation that al-
lows for the extraction of multi-scale features from images or feature maps. Di�erent from
standard convolutions, atrous convolution introduces controlled gaps or holes in the con-
volutional kernel. These gaps enable the convolutional operation to capture information
from a wider area while maintaining the original resolution of the feature map and having
the same number of parameters as a standard convolution kernel of the same size.
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Figure 2.7: a) Standard 3x3 convolution kernel. b) Atrous convolution kernel with the
same size. The small green squares of the kernel are each multiplied by the corresponding
red dots. As seen, the atrous kernel captures information from a larger area (the red
square) by introducing holes between the kernel elements. Image is from [94].

Figure 2.7 shows an example of an atrous convolution kernel performing on an input
image. As seen, though the size of the kernels is 3� 3 for both the standard convolution
and the atrous convolution, the latter is taking the information from a larger area into
consideration by using holes.

By adjusting the dilation rate, which determines the spacing between the kernel ele-
ments, atrous convolution can e�ectively capture contextual information at di�erent scales.
This makes it particularly valuable in tasks such as image segmentation, where capturing
both �ne-grained details and global context is crucial for accurate and comprehensive anal-
ysis [132, 19].

Pooling Layers

Pooling is an essential operation in Convolutional Neural Networks (CNNs) that helps
to reduce the spatial dimensionality of feature maps, extract dominant features, and in-
troduce spatial invariance [38, 54]. Pooling is typically applied after convolutional layers
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Figure 2.8: An example of a max pooling operation with a �lter size of 2 and a stride of
2. Image is from [60].

to progressively downsample the feature maps while retaining the most relevant informa-
tion [38, 54].

There are di�erent types of pooling operations used in CNNs, with the most common
one being max pooling. Max pooling divides the input feature map into non-overlapping
rectangular regions (pools) and outputs the maximum value within each pool. Figure 2.8
depicts an example of such an operation. By selecting the maximum value, max pooling
retains the most salient feature in each local region. Max pooling helps in extracting the
most signi�cant features while discarding irrelevant variations and reducing the spatial
dimensionality of the feature maps.

The main advantages of pooling are [27]:

ˆ Dimensionality reduction : Pooling reduces the spatial dimensionality of the fea-
ture maps, making subsequent layers computationally more e�cient and reducing
the risk of over�tting [27, 54].

ˆ Translation invariance : Pooling introduces spatial invariance by selecting the most
dominant feature within each local region. This allows the network to recognize fea-
tures regardless of their precise location, enhancing the network's ability to general-
ize [27, 54].

ˆ Extraction of dominant features : Pooling helps to extract the most important
and distinctive features by selecting the maximum or average values. This can en-
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hance the network's ability to capture the most relevant information for the given
task [27, 54].

It is important to note that pooling is a form of lossy compression since it discards some
information by downsampling. However, by retaining the most salient features, pooling
contributes to the overall e�ciency and e�ectiveness of CNNs in various computer vision
tasks such as image classi�cation, object detection, and segmentation.

2.2 Labeling Problems and Energy Optimization

Most explanations below are based on [110, 10]. A variety of computer vision tasks, such
as semantic segmentation, disparity map estimation, and instance segmentation can be
thought of as labeling problems. In a labeling problem, we have a set ofsites, P, and a
set of labels, L [110]. Sites represent the image parts for which we want to predict a label.
In this work, we consider dense labeling problems and we want to label all pixels in an
image. Hence, our sites are all the pixels of our image. We refer to the sites aspixels for
simplicity. The labels can be di�erent based on the problem. For example, in semantic
segmentation, the labels are di�erent possible semantic classes, like `car', `pedestrian', etc.
The labeling problem is to assign a label fromL to each pixelp 2 P . We name the label
assigned to pixelp 2 P asxp. A labeling, x, is the vector ofxp for all di�erent pixels. The
optimization approach de�nes a systematic two-step framework to solve di�erent labeling
problems [110]. The steps can be described as follows:

ˆ First, one should de�ne anobjective function. This function maps all possible solu-
tions for the problem to a real number. Its goal is to measure the quality orgoodness
of a solution [110]. Designing such an objective function can be challenging as one
must formulate various constraints a solution needs to satisfy in a way that a better
solution receives a better score from the function. As a result, to formulate such a
function, we need to �rst, extract the required constraints for the problem at hand.
In many vision tasks, there are two main sets of constraints de�ned.Data constraints
that re
ect how much the solution matches with the observed data.Prior constraints
re
ect how much the solution agrees with the prior knowledge we have about a good
solution for the problem [110]. Mostly, the objective functions are designed in a
way that smaller values correspond to better solutions. Such objective functions are
widely known asenergy functions[110].
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ˆ Second step involves �nding a solution that has the best goodness. More formally,
one should minimize the de�ned energy function over the possible solutions. Op-
timizing the energy function is even harder than designing one [110]. Most of the
energy functions are not convex, meaning they can have multiple local minima. Also,
obviously, the set of all possible solutions is exponentially large for most vision tasks,
such as semantic segmentation or instance segmentation. The computational de-
mands are quite intense [110]. Hence, most methods aim for �nding an approximate
answer [110].

Below, we explain some energy functions and optimization algorithms.

2.2.1 Energy Functions

A wide variety of energy functions have the form of

E(x) =
X

p2P

Dp(xp) +
X

p;q2N

Vp;q(xp; xq); (2.9)

whereN is the set of interacting pairs of pixels. It can consist of the adjacent pixels, e.g.
in a 4 or 8-neighborhood system, or it can be any other set [10]. In this formulation, the
D terms are called theunary terms and theV terms are called thepairwise terms.

An example of pairwise terms is the famous Potts model [82]. It captures the behavior
of neighboring pixels by promoting label similarity. It favors homogeneous regions and
promotes spatial coherence in the labeling. In other words, it promotessmoothnessin the
labeling, penalizing frequent alternation among di�erent labels [10, 110]. It is formulated
as:

E(x) =
X

p;q2N

wp;q[xp 6= xq]; (2.10)

where the [:] is the Iverson bracket, andN is the set of interacting pixels.wp;q is a pair-
speci�c weight. In general, it can be a �xed constant for all pairs or a variable for each [10].
In this work, we have the same constant weights for all pairs. This energy penalizes a
labeling x by wp;q for each adjacent pixel pair (p; q) if their labels are di�erent. Hence, it
favors smooth solutions. Obviously, if an energy function only has a single term forcing
the prior knowledge, such as the smoothness prior as in the Potts model above, it will not
�nd a good solution. For instance, it can output the same label for all pixels minimizing
the Potts model although being undesired and not distinguishing di�erent pixels. This
underscores the need for other terms and in fact, thedata terms in the energy function.
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Figure 2.9: � -expansion move example, wherealph = 1. Image is from [110]

Overall, most energy functions are a combination of di�erentunary and pairwise terms
each trying to capture the goodness of an input solution based on the observeddata, or
prior knowledge of the problem. For interested readers, please see [110, 10] for more
examples and discussions.

2.2.2 Discrete Optimization Algorithms

As explained, after designing an energy function, one needs to minimize it over the possible
solutions. Since computing the globally optimal solution is often NP-hard [10], there are a
variety of methods opting for a local minimum [110]. When the labels are discrete, there
are di�erent ways to de�ne a local minimum [110]. A natural way is by using the concept of
movespaces [110, 80]. In fact, some of the most e�ective and e�cient discrete optimization
algorithms work based on de�ningmove spaces and using graph cut algorithms [10, 110].
Below, we brie
y describemove, move space, and two of the algorithms that we use in this
thesis.

A moveis a pair of labelings (x; �x ) 2 X �X , whereX is the set of all possible labelings.
A move space,M , is a set of some moves,M � X �X [10, 110]. If a a move such as (x; �x )
is in M then it is allowed. It means you can go fromx to �x . If a move is not in M then
such transition is forbidden. Naturally, a local minimum with respect toM is de�ned as
a labeling such asx � where no further movem 2 M from x � exists that can reduce the
energy.

Below, we describe two optimization algorithms, along with their corresponding move
spaces, that are later used in this thesis.

ˆ Expansion Moves [10] Let � 2 L , then (x; �x ) is an � -expansion move if there
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Figure 2.10: 1-jump move example. Image is from [110]

Algorithm 1 Optimizing � -expansion [10]

1: E := energy function, L := set of all possible labels,labelling := labels for all pixels
2: x  arbitrary labelling
3: success 0
4: while success= 1 do
5: success 0
6: for � 2 L do
7: Find �x := argminE (�x ) among all �x within one � -expansion ofx
8: if E(�x ) < E (x) then
9: x  �x

10: success 1
11: end if
12: end for
13: end while
14: return x
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Algorithm 2 Optimizing 1-jump [110]

E := energy function, L := set of all possible labels,labelling := labels for all pixels
2: x  initialize with all pixels having the minimum label

success 0
4: while success= 1 do

success 0
6: Find �x := argminE (�x ) among all �x within one 1-jump of x

if E(�x ) < E (x) then
8: x  �x

success 1
10: end if

end while
12: return x

exists A � P such that

�xp = � for p 2 A (2.11)

xp = �xp for p =2 A: (2.12)

An example of an� -expansion move is shown in Figure 2.9. A labelingx is a local
minimum with respect to expansion moves if no further� -expansion can be made for
any � to decrease the energy function at that labeling. The work in [10] proposes an
algorithm that �nds a local minimum with respect to such moves. This algorithm
works based on graph cuts. The overall algorithm is shown in Algorithm 1. In each
iteration, it goes over all � 2 L and �nds the optimal � -expansion move out of
all possible ones to decrease the energy function. Then it performs that move and
goes to the next label. It stops when no further moves are possible for reducing
the energy. To �nd the optimal move within one � -expansion from the current
labeling, the algorithm uses graph cuts. For further explanation on the graph-cut
part see [10, 58], as explaining it is beyond the scope of this thesis.

ˆ Jump Moves [110] : Consider when all labels are represented by integer values.
A move (x; �x ) is called an i -jump move if for any p 2 P , �xp � xp = i (i � 1) or
�xp � xp = 0. An example of a 1-jump move is shown in Figure 2.10. Note that, in
general, the jump moves do not require the labels to be integers ori to be positive. In
this thesis, we only work with integer labels and 1-jumps, and hence, do not explain
beyond. The optimization algorithm shown in Figure 2, �nds a local minimum with
respect to the 1-jump moves. In each iteration, it �nds the optimal jump move and
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performs it until no further move is possible. Again, �nding the optimal move is
based on graph cuts. For an explanation of how these graph-cut algorithms work,
please see [110, 58].

Note that for any of these move-based algorithms to work using graph cuts, the energy
functions need to be submodular [10, 58] with respect to that speci�c move. We will discuss
submodularity for our energy functions later in Chapter 6.
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Chapter 3

Related Work

3.1 Semantic Segmentation

Semantic segmentation is an image segmentation technique that assigns meaningful labels
to each pixel based on a prede�ned set of classes. In this process, every pixel in an
image is categorized into speci�c classes, such as \bicycle", or \background", providing an
understanding of the scene. Figure 3.1 shows an example of semantic segmentation for an
input image. There are three classes in the image, `background', `pedestrian', and `car'.
Semantic segmentation allows for identifying the classes of individual pixels.

Semantic segmentation is a versatile technique with a wide array of applications. It
is employed in autonomous driving [12]. In medical imaging and diagnosis, it aids in
precise delineation of structures and pathological regions [22, 69, 70]. Additionally, it �nds
use in facial segmentation, handwriting detection and analysis, agriculture, fashion, video
surveillance, image editing, and more [17, 61, 72, 4, 68, 108, 71, 74].

Figure 3.1: An example of semantic segmentation for an input image. Each pixel is assigned
a class label from the `background', `car', and `pedestrian' classes.
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Semantic segmentation, a challenging problem for machine vision despite its seemingly
e�ortless execution by the human visual system, has been a subject of extensive research
for decades. In recent years, deep learning and neural networks, particularly CNNs, have
dominated the �eld of semantic segmentation [19, 132, 89]. These models gained popularity
due to their ability to automatically extract features from large image datasets without
the need for manual feature engineering.

To train a fully supervised semantic segmentation network, a dataset with pixel-level
annotations is essential. Each pixel in the dataset is labeled with a class from a prede�ned
set of classes. During training, the CNN learns to identify features and representations
associated with each class label. Once trained, the CNN can process new images, ac-
curately assigning class labels to each pixel. This training process, utilizing images and
their corresponding pixel-level labels, is known as fully supervised semantic segmentation.
By leveraging the power of CNNs and providing detailed annotations, signi�cant progress
has been made in achieving accurate and �ne-grained semantic segmentation results. Our
bottom-up approach in Chapter 6 relies on semantic segmentation for its �rst stage. We
use PSPNet [132] as the base of our semantic segmentation model. Below, we explain
PSPNet in detail.

3.1.1 PSPNet [132]

Pyramid Scene Parsing Network (PSPNet) is a deep learning architecture speci�cally de-
signed for pixel-wise semantic segmentation tasks in computer vision.

The key idea behind PSPNet is to capture contextual information from di�erent scales
to improve segmentation accuracy. It leverages the concept of dilated convolutions [124],
also known as atrous convolutions, to enlarge the receptive �eld of convolutional layers
without increasing the number of parameters. This enables the network to capture both
local and global contextual information.

PSPNet consists of two main components: the Pyramid Pooling Module and the
Encoder-Decoder Structure. The Pyramid Pooling Module is responsible for capturing
multi-scale contextual information. It takes the output feature maps from the last convo-
lutional layer and performs pooling operations at di�erent scales, using di�erent bin sizes.
This allows the network to capture contextual information at multiple scales and aggregate
it into a �xed-size representation.

The Encoder-Decoder Structure in PSPNet combines the extracted contextual infor-
mation with high-resolution feature maps to produce detailed segmentations. The encoder
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Figure 3.2: Overview of PSPNet. Given an input image (a), a CNN is applied and the
outputs of the last convolutional layer are called as features (b), then a pyramid parsing
module is applied to harvest di�erent sub-region representations, followed by upsampling
and concatenation layers to form the �nal feature representation, which carries both local
and global context information in (c). Finally, the representation is fed into a convolution
layer to get the �nal per-pixel prediction (d). Image and explanation are from [132].

part consists of convolutional and pooling layers that gradually reduce the spatial resolu-
tion while increasing the number of channels. The decoder part, on the other hand, uses
up-sampling and skip connections to recover the spatial resolution and re�ne the segmen-
tation output.

One notable aspect of PSPNet is its ability to handle images of arbitrary sizes during
both training and inference. This is achieved by adopting a \sliding window" technique,
where large images are divided into overlapping patches that are processed independently
by the network. The �nal segmentation map is obtained by merging the predictions from
all patches.

PSPNet has demonstrated impressive performance on various challenging scene pars-
ing benchmarks, outperforming previous state-of-the-art methods. Its ability to capture
multi-scale contextual information and e�ectively leverage dilated convolutions makes it
particularly well-suited for detailed scene understanding tasks, such as object segmenta-
tion, scene labeling, and image parsing.

3.2 Semantic Instance Segmentation

In semantic \instance" segmentation, the goal is to generate a pixel-level mask for each
object instance in an image, in addition to predicting its semantic class. For instance,
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Figure 3.3: An example of semantic instance segmentation. For each instance, a mask is
produced. Also, the semantic class of each instance is predicted, which is not shown in this
�gure for simplicity.

in Figure 3.3, all `bicycle' and `pedestrian' objects are identi�ed by a separate mask and
a predicted class. Instance segmentation enables models to understand the spatial ex-
tent and location of each object instance, distinguishing between di�erent instances even
if they belong to the same category. Instance segmentation is known as a keystone of
many real-world computer vision applications, such as autonomous driving [24, 83], video
surveillance [106, 79], and robotics [35, 119].

While semantic instance segmentation provides valuable scene information, it lacks
depth-related details. In this thesis, we propose two approaches that not only provide in-
stance segmentation-level information but also output a coarse 3D geometry of the scene.
Our �rst approach, the top-down one, leverages conventional instance segmentation meth-
ods. Hence, we review the instance segmentation works and explain the two instance
segmentation models employed in our experiments in more detail.

Generally, one can divide instance segmentation methods into two main groups, based
on how they predict the �nal masks of object instances. Mask-based methods, such as
[40, 14, 112, 8], predict a mask for each object, and during training, they optimize to
produce better masks. On the other hand, contour-based methods focus on predicting and
re�ning object contours. Contours represent the boundaries of object instances and can be
represented using a smaller number of points compared to pixel-level masks. Consequently,
contour-based methods often o�er faster computation and more e�cient processing.

3.2.1 Mask-based Instance Segmentation

Two-stage Methods : Two-stage instance segmentation methods involve a two-step pro-
cess to identify and segment object instances within an image. In the �rst stage, these
methods typically perform object detection to identify potential object regions within the
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image. Object detection algorithms, such as Faster R-CNN [86] that use Region Proposal
Networks (RPN) [86], are commonly used in this step. The object detection stage aims
to generate a set of bounding box proposals that likely contain di�erent object instances.
In the second stage, the method re�nes the initial bounding box proposals and predicts
the pixel-level masks for each object instance. This stage is responsible for accurately seg-
menting each object and assigning the appropriate class label. Examples of such methods
include [40, 14, 112]. These methods are often more accurate but computationally intensive
compared to single-stage methods [128].

One-stage Methods : Single-stage instance segmentation methods directly predict
object masks in a single step, without the need for a separate object detection stage. These
methods are designed to be simpler, faster, and more computationally e�cient compared
to their two-stage counterparts [128]. An example of such a method is YOLACT [8].
It combines object detection and mask prediction into a uni�ed framework. YOLACT
utilizes a set of prede�ned anchor boxes across multiple feature maps to detect objects at
di�erent scales and aspect ratios. The network simultaneously predicts object bounding
boxes, mask coe�cients, and class probabilities. Instead of directly generating binary
object masks, YOLACT uses a linear combination of learned coe�cients to produce high-
quality instance segmentation masks. Other single-stage methods include [114, 115]. These
methods greatly improve the speed. However, they sacri�ce performance for that. As we
are not focused on speed in this thesis, we utilize two-stage methods due to their superior
performance.

Pixel-grouping Methods (Bottom-up) : These methods do not rely on explicit ob-
ject detection, region proposals, or anchor boxes. In contrast, they �rst �nd embeddings
or features for each pixel of the image, then, group those pixels using clustering or other
algorithms to form di�erent object instances. Examples of such methods include [7, 77].
It is notable that our proposed \bottom-up" approach in Chapter 6 can not only be con-
sidered a method for occlusion-ordered semantic instance segmentation but for traditional
instance segmentation as well, though it requires occlusion order annotation for training.

Mask R-CNN [40]

Mask R-CNN is a sophisticated and highly e�ective instance segmentation model that
builds upon the Faster R-CNN [86] framework. The architecture of Mask R-CNN consists
of �ve primary components, each playing a crucial role in achieving precise instance seg-
mentation: 1- the backbone network, 2- the region proposal network (RPN), 3- the Region
of Interest Align (RoIAlign) Layer, 4- the detection head, and 5- the mask head. Figure 3.4
visualizes the overal structure of Mask R-CNN model and the mentioned components.
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Figure 3.4: Mask R-CNN [40] instance segmentation model. Image is from [129]

The backbone network serves as the foundation of Mask R-CNN and is typically based
on a deep CNN such as ResNet [42]. It processes the input image and extracts high-level
feature maps that capture rich semantic information and spatial details.

The primary objective of the RPN is to propose potential bounding boxes that encom-
pass objects, which are later re�ned and classi�ed by subsequent stages of the network. It
achieves this by analyzing features extracted by the backbone.

The RPN operates on a set of anchor boxes, which are prede�ned bounding boxes of
di�erent scales and aspect ratios that densely cover the image. These anchor boxes are
generated across multiple positions on the feature map produced by the CNN backbone.
For each anchor box, the RPN predicts two essential parameters: objectness scores and
bounding box o�sets. The objectness score indicates the probability of an anchor box
containing an object of interest, while the bounding box o�sets specify the necessary ad-
justments to align the anchor box with the object's precise location and size. To generate
accurate region proposals, the RPN utilizes a combination of classi�cation and regression
losses during training. The classi�cation loss measures the accuracy of the objectness
scores, distinguishing between anchor boxes that contain objects and those that do not.
The regression loss quanti�es the discrepancy between the predicted bounding box o�sets
and the ground truth annotations. During inference, the RPN ranks the proposed region
boxes based on their objectness scores. The boxes with high scores, typically surpassing a
prede�ned threshold, are then further re�ned and �ltered by the predicted bounding box
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o�sets, and non-maximum suppression, which only keeps the proposal with the highest
score among highly overlapping ones.

Once the region proposals are obtained, the backbone features and proposals are passed
through the Region of Interest (RoI) Align layer. This layer extracts a small feature
map from the backbone features speci�c to the bounding box represented by each region
proposal. Simply put, it splits the backbone's feature map for each proposed bounding box
into a grid of equally spaced points and then uses bilinear interpolation to extract features
at these points from the feature map.

The RoIAligned features are then passed to two prediction networks. The detection
head and the mask head. The detection head employs fully connected layers to predict
a semantic class for each proposal and represses the bounding box prediction. The mask
head, however, predicts a binary mask within each proposal using a CNN that highlights
the object in the region proposal.

During training, Mask R-CNN utilizes ground truth annotations to compute loss func-
tions for both the semantic class prediction, bounding box regression, and mask prediction
tasks. At inference time, given an input image, Mask R-CNN �rst passes it through the
backbone network to extract feature maps. The RPN generates region proposals, which
are then re�ned and pruned based on their objectness scores and overlaps. The remain-
ing region proposals are fed into the detection and mask heads, which generate precise
instance masks and classes for each object, resulting in highly accurate segmentation of
object instances within the image.

3.2.2 Contour-based Instance Segmentation

Contour-based methods, including Curve GCN [64], Deep Snake [81], PolarMask [120],
and LSNet [28], have recently gained attention and demonstrated promising results. These
methods approach instance segmentation as a regression task, predicting the vertex co-
ordinates of a contour represented by discrete vertices. By using a contour with a rel-
atively small number of vertices (e.g., N = 128), these methods e�ectively capture the
instance's shape [128]. In contrast to mask-based methods that process every pixel exten-
sively, contour-based methods o�er simplicity and require fewer computations [128]. The
general framework of these methods is to initialize a �rst instance contour and deform it
based on the features of the object's center to ideally match each instance's boundary.
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Figure 3.5: Overview of E2EC model. A learnable contour initialization architecture pro-
duces the coarse con- tour. Then, a contour re�nement module produces the �nal contour
with the supervision of DML, which is a loss function. Image and explanation are from [128]

E2EC [128]

Figure 3.5 shows the work
ow of this method. An image is �rst passed to a backbone
network to extract deep features. These features are then used to create a heatmap for
each class, which highlights the points in the feature maps' space that potentially belong
to each class. Note that the dimensions of feature maps is by far less than the input image.
Hence, the computational cost of such a prediction is far less than a typical semantic
segmentation. These heatmaps are then used, via employing non-maximum suppression,
to �nd the candidate centers of instances.

E2EC's main contributions are the three following components. 1- Learnable Contour
Initialization 2- Multi-direction Alignment 3- Dynamic Matching Loss [128].

In E2EC, unlike the prior works [120, 81] that manually design the initial contours,
it is left to the network to learn the shape of the initial contour. This is done using
two modules. First, the contour initialization module takes the features of the instance's
center point as input and regresses the o�sets for each vertex of the initial contour. These
o�sets represent the displacement of each vertex from the center point. By regressing the
o�sets, the module learns to generate an initial contour that is closer to the ground truth.
Put di�erently, the model can arbitrarily select where to place the vertices of the contour
instead of using a �xed pre-designed shape such as a circle around the center. The output
of this stage is theinitial contour as seen in Figure 3.5.

Second, the global contour deformation module re�nes the initial contour generated by
the contour initialization module. It takes into account the features of all the vertices in
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the initial contour, as well as the center point features. This global deformation allows the
module to better adjust the initial contour and produce a more accurate representation of
the instance boundary. This stage produces thecoarse contouras in Figure 3.5.

The coarse contour is then passed to the contour re�nement stage. To reduce learn-
ing di�culty, E2EC proposes a novel label sampling scheme called Multi-direction align-
ment (MDA). It �xes the directions of selected contour vertices with respect to the center
point and uniformly samples between these �xed vertices to generate ground-truth ver-
tices. MDA restricts vertex pairing and deformation paths, making learning easier while
ensuring good performance. E2EC introduces a dynamic matching strategy for pairing
predicted and ground-truth vertices instead of using �xed pairing. This strategy, along
with the corresponding DML loss function, improves the quality of predicted boundary
details by adjusting prediction points to the nearest ground-truth points and pulling them
toward key label points. Explaining the details of this step is beyond the scope of this
thesis. Interested readers are encouraged to see [128]

3.3 3D-Augmented Semantic Instance Segmentation

The most related to our work are [122, 46, 104]. They also propose to augment semantic
instance segmentation by occlusion ordering. However, they predate deep learning and are
based on simple hand-crafted strategies for occlusion order such as size,y-coordinate, and
detection con�dence. Our methods take advantage of deep learning both for instance seg-
mentation and occlusion ordering. Below, we �rst explain three of these pre-deep learning
methods. Then, we explain the only related method that leverages deep learning.

3.3.1 Pre-deep Learning

[122] introduces a layered model that addresses simultaneous instance segmentation and
depth ordering. Their approach begins by applying detectors trained with support vector
machines (SVMs) to obtain instance detections for each semantic class. They then propose
a probabilistic model consisting of a shape model and a layer model. The shape model
incorporates shape priors to ensure accurate segmentation masks, while the layer model
enforces consistency in the depth ordering of the detections based on layering priors. The
objective of the model is to optimize the segmentation masks and their depth ordering,
such that overlaying the masks in the predicted order yields the best overall segmentation
of the input image. The layer model incorporates simple heuristics to assess the quality of
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the predicted depth ordering. Firstly, detections with higher detection scores are favored
to have a lower depth order, as higher scores indicate fewer occluded parts in the object.
Secondly, instances with lower bottom edges are encouraged to have a lower depth order.
Lastly, larger objects are encouraged to have a lower depth order, as smaller objects are
generally farther away. The optimization of the models is performed using the Expectation-
Maximization (EM) [73] algorithm.

[46] proposes a scene parsing method inspired by the process of collaging used by digital
artists to synthesize complex scenes. First, a dictionary of candidate object segments is
retrieved based on their similarity to the given query image. These segments are then
combined to form a \scene collage" that serves as an explanation for the query image. To
make such a combination, the model assigns depth layers to each of the segments that can
be warped and translated �rst. Finding the best collage is formulated as �nding the best
layered warped object segments from the dictionary that their combination is the most
similar to the query image. The proposed method goes beyond pixel-level labeling and
provides additional valuable information about the scene. This includes details such as the
quantity of each object type present, the relationships and support among objects, and the
ordinal depth of each object within the scene.

[104] initially employs a pre-deep learning scene parsing framework to generate can-
didate instance masks and an initial pixel labeling for the image. To select the most
suitable object instances that align with the image and satisfy overlap constraints, an in-
teger quadratic program is solved. These overlap constraints incorporate prior knowledge
and statistical observations from the training set, such as cars overlapping the road or
avoiding complete overlap between cars. By solving the program, a subset of object in-
stances that best adheres to the overlap constraints is chosen. To determine the occlusion
ordering, a graph is constructed with each selected object represented as a node. Edges
are added between occluding pairs of objects, with weights determined based on training
set statistics. These weights quantify the probability of an object from the �rst object's
class occluding an object from the second object's class with the same overlap score. Edges
with smaller weights are then removed until an acyclic graph is obtained. The topological
sorting of the graph shows the occlusion ordering of the detected instances.

Obviously, these methods rely on simple cues, while our proposed methods employ deep
learning that allows for richer feature learning and stronger performance.
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3.3.2 Using Deep Learning

The only deep learning work augmenting instance segmentation by 3D geometry is [130].
It focuses on scenarios with only one semantic class, `car'. Given an input image, this
model outputs car instance masks and their depth ordering. For this, it divides the input
image into overlapping patches at multiple resolutions. For each patch, a CNN predicts
both the instance masks and depth ordering. The predicted orders are patch-based and
they need to be combined into a global ordering for an image. To this end, they introduce
a Markov random �eld (MRF) [37] framework to ensure a coherent output for the image.
The MRF takes into account the predictions from the CNN for the overlapping patches
and solves an energy minimization. The energy function speci�cally encourages connected
components of the samey-coordiante to have the same depth ordering. This is a simple
speci�c heuristic that works only for driving scenes. Such heuristic does not work on other
scenes, e.g. for common object datasets like COCOA [133]. The energy function also
encourages far pixels to have di�erent labels, while closer ones are encouraged to agree on
labeling. The energy is then optimized by QPBO [57] to obtain the �nal labeling.

Our work is di�erent from theirs in several aspects. First, they use depth, not occlusion,
ordering. This requires a training dataset with ground truth depth annotations, which is
hard to obtain. Furthermore, they deal with only one semantic class. In their formulation,
there is no consideration of di�erent semantic classes for each object, e.g. `car', `pedestrian',
etc. In our work, we design a general framework that involves detecting the correct semantic
class for each predicted instance mask in addition to its occlusion ordering. Hence, we can
deal with di�erent semantic classes. Lastly, they propose one approach whereas we explore
a variety of approaches with di�erent properties.

3.4 Occlusion Order Prediction

Our top-down approach leverages pairwise occlusion order classi�ers. Such classi�ers [133,
62] are trained on ground-truth non-overlapping instance masks. In our top-down ap-
proach, we make use of these classi�ers but have to deal with predicted andoverlapping
masks. Note that [133, 62] evaluate their pairwise order classi�er, but on unseen yetnon-
overlappingground truth data, which makes the task easier. In the following, we explain
these classi�ers separately.
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Figure 3.6: The overall architecture of InstaOrder. Image is from [62]

3.4.1 OrderNet [133]

This model takes as input two masks, one for each object instance A and B, plus the RGB
image. It predicts a 3D output for each such input. The output for each sample is in form
f A occludes B, B occludes A, no occlusion relation between the twog. The model uses
a ResNet-50 [42] backbone and slightly changes it to account for the di�erent number of
input channels and the number of output classes.

3.4.2 InstaOrder [62]

This work also predicts the occlusion relation between two given instances. The input
to this model is three parts. First, the image. Second, the mask of object instance A.
Third, the mask of object instance B. Taking these three inputs, InstaOrder outputs a
2-dimensional output. The �rst component of the output is the probability that instance
A occludes instance B. The second output is the probability that B occludes A. If none
of the outputs are high, then it means there is no occlusion relation between the two
instances. Otherwise, if only one of them is high, the interpretation is obvious. If both
are high, it means that they are both occluding each other. Based on this, InstaOrder [62]
takes bidirectional occlusion relation into consideration, whereas OrderNet [133] does not.
However, such relations are extremely rare in many datasets. For example, KINS [83] and
COCOA [133] datasets are entirely free of such relations.

Figure 3.6 visualizes the architecture of the InstaOrder. The mentioned inputs are
stacked to make a (H � W � 5) dimensional input. Note that masks are binary, and
hence need one channel, while the RGB image has three channels. This input is processed
through layers of the proposed CNN and �nally, a fully connected layer predicts the output
for the received inputs.

39



Note that both OrderNet and InstaOrder are `naturally' trained on ground-truth masks
of instances. It means that during training they optimize the model based on ground-truth
masks and occlusion relations. In this thesis, our focus is on OOSIS where we want to ex-
tract the instance masks and their occlusion relations at the same time. Hence, these
pairwise classi�ers have to perform on predicted instance masks that can be overlapping.
As they have never encountered such a case during training, they perform poorly in pre-
dicting pairwise occlusion relations for predicted masks and consequently, lead to weak
performance on OOSIS. As part of our contribution, in this thesis, we identify this prob-
lem and propose a possible solution in our top-down approach.

3.5 Oriented Occlusion Boundary Prediction

Occlusion-oriented boundary models detect object boundaries and estimate the occlusion
relations, i.e. which side of the boundary occludes the other side. Our bottom-up ap-
proach in Chapter 6 develops a method for oriented occlusion boundaries. There are two
main groups of prior work on this task. One group treats the problem as a regression
task to predict an orientation angle. These models disentangle the binary \boundary or
not" prediction from the orientation prediction [113, 65, 111]. The other group of prior
work treats the problem as a classi�cation task and does not disentangle the boundary
and orientation predictions [84]. Our work both treats the problem as classi�cation and
disentangles orientation and boundary prediction, outperforming the best prior work [84].

Below, we explain both approaches for occlusion-oriented boundary detection.

3.5.1 Regression-based Occlusion Oriented Boundary

Works like [113, 111] belong to this group. As stated, these methods try to regress an angle
� that determines the occlusion orientation. These models describe occlusion boundaries by
orientation � 2 [� �; � ) (the red arrows in Figure 3.7), which indicates occlusion relationship
using the \left" rule where the left side of the arrows occludes the right side.

Figure 3.8 illustrates the architecture of [113]. This model consists of two branches.
The �rst branch, known as the boundary branch, determines whether a pixel belongs to
an occlusion boundary or not. It achieves this through binary prediction using a Sigmoid
output layer. On the other hand, the second branch performs regression instead of classi-
�cation. It generates a continuous value representing the angle� for each pixel. The �nal
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Figure 3.7: Occlusion boundaries are shown by orientation� (the red arrows) using the
`left' rule, where the left side of the arrows occludes the right side [113]. Image is also
from [113].

Figure 3.8: The overall architecture of a regression-based occlusion boundary model, [113].
Image is from [113].

prediction is obtained by applying non-maximum suppression to the boundary branch's
output and element-wise multiplying it with the output of the orientation branch.

Now, consider� 1 = � � � and � 2 = � � + � , where � is a very small positive number.
Obviously, these two angles describe a very similar occlusion orientation. However, alge-
braically, j� 1 � � 2j = 2 � � 2� . This shows that typical regression losses cannot be used
for such prediction. As a result, [113] designs a speci�c loss that can work with angles.
Later work [84] shows classi�cation-based works perform better using the good-behavior
cross-entropy loss.

3.5.2 Classi�cation-based Occlusion Oriented Boundary

[84] falls in this group of works. In this work, instead of making predictions for each pixel,
the predictions are made for each pixel pair. This means for any two adjacent pixels, for
example in a 4-neighborhood system, the model predicts if the �rst pixel occludes the other,
or vice versa, or if there is no occlusion relation at all between the two pixels. Obviously,
this can be represented as a classi�cation task. It is su�cient to consider a 3-dimensional
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prediction for each pixel pair, where each of its components corresponds to each of the
described scenarios' probability.

This model, however, does not disentangle boundary and orientation prediction. For
instance, if one wants to know if a pixel lies on an occlusion boundary or not, it is necessary
to check all of the relations with its neighbors. In contrast, in the regression-based models,
it could be easily checked by the output of the boundary branch.

Our boundary model, presented as a part of our bottom-up approach for OOSIS in
Chapter 6 takes the best of both worlds. It is formulated as a classi�cation model with-
out the need for special losses for angles while disentangling boundary and orientation
predictions and outperforms the state-of-the-art on the KINS [83] dataset.

3.6 Other Occlusion-related Work

Some works have focused on improving instance segmentation through occlusion-aware
techniques [126, 53]. Our work is di�erent in essence since our goal is to augment instance
segmentation with occlusion ordering for the entire scene. Our outputs are both instance
masks and their classes, and the occlusion relations among those detected objects. These
models, however, just use occlusion information to improve the quality of produced instance
masks. They do not output occlusion ordering for the scene. Furthermore, unlike [126],
we do not need amodal annotations.
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Chapter 4

Naive Approaches

Since OOSIS has not been approached post-deep learning, we �rst check if naive methods
can e�ectively solve this task. We examine two such naive approaches below and show they
perform poorly underlining the need for developing more carefully designed approaches that
we propose in Chapters 5, and 6.

4.1 Direct CNN Training

First, we explore directly training CNN on occlusion order. We create the ground truth
as follows. All background pixels are labeled with 0. All pixels in an instance are labeled
with i if the maximum label of its occludees isi � 1. Then we train a pixel-level CNN to

Figure 4.1: Visualization of the naive direct training of a CNN using instance and occlusion
order, plus an example of how the ground truth is labeled.
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Figure 4.2: Relative depth maps for the second naive OOSIS method based on direct CNN
training. This naive method performs poorly.

recover these labels using cross-entropy. We use PSPNet [132] for the CNN architecture.
Figure 4.1 shows the work
ow of this approach and an example of the ground truth labels.

The results of direct training are poor, see Figure 4.1 and more in Figure 4.2. This is not
surprising, since OOSIS is a harder task than standard instance segmentation, for which
there is no direct training approach. However, direct training for OOSIS is worth trying
since the ground truth for OOSIS has extra (occlusion) information and occlusion-based
labels are somewhat meaningful.

4.2 Clustering Monocular Depth Estimation

The second naive approach, illustrated in Figure 4.3, is as follows. We train a semantic
segmentation CNN [132], and also apply a pre-trained monocular depth estimator [85].
We use PSPNet [132] for semantic segmentation and MiDaS (v21-384) [85] model for the
depth estimator. Using the semantic segmentation model, we can �nd the non-background
pixels. We intersect these pixels with the depth map. Then we usek-means to cluster
the depth maps of the non-background pixels. The clusters give us the instances and the
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Figure 4.3: The work
ow of the second naive approach where semantic segmentation and
monocular depth estimation are done using a CNN. Thenk-means clustering is performed
on the depth estimation of the non-background pixels. The poor performance underscores
the inadequacy of monocular depth estimation for recovering object-level relative depth
relations.

average depth of each cluster is used for the occlusion ordering of adjacent clusters. We
assign the dominant semantic class to these instances.

The results are poor, see Fig. 4.4. Monocular depth estimation has limited accuracy
and is inadequate for instance segmentation. In addition, depth resolution may be insuf-
�cient for distinguishing between instances, as discussed in Chapter 1. Figure 4.4 clearly
shows how the model is not only unable to extract instances but also to order them. The
shortcomings of these simple methods show that OOSIS requires a specialized and tailored
approach.
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Figure 4.4: Relative depth maps for the second naive OOSIS method based on monocular
depth clustering. This naive method performs poorly.
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Chapter 5

Top-Down Occlusion-Ordered
Semantic Instance Segmentation

The top-down approach consists of three stages, see Fig. 5.1. First, we use an o�-the-shelf
standard semantic instance segmentation to obtain instance masks and classes. For this
step, we evaluate an established Mask-RCNN [41] and a state-of-the-art recent contour-
based method E2EC [128]. We want to use the instance masks generated by such models
and use pairwise occlusion ordering classi�ers [133, 62] to detect the occlusion relations
among the instances. However, directly using the produced instance masks does not work.
We elaborate on this below.

The state-of-the-art semantic instance segmentation models, like Mask R-CNN and
E2EC, can produce instance masks that are overlapping. See Figure 5.1 for some examples.
It means that a pixel can belong to more than one instance. Hence, the labeling of pixels is
ambiguous. In detection tasks, this is not usually a problem. However, we determined that
it is essential to resolve the overlap between masks to obtain a good pairwise occlusion
classi�cation since the occlusion classi�er is 'naturally' trained on ground truth masks,
and they do not overlap, see experiments in Chapter 7. Thus the next step is mask
overlap resolution. For removing overlap, we tested three approaches: assigning the overlap
randomly, or to the instance with the larger con�dence, or to the instance with the smaller
con�dence. We found that sorting instances by con�dence and removing overlaps in the
order of decreasing con�dence works the best. In the future, CRF optimization [10] can
be explored for this purpose.

As stated, the �nal step is to determine the occlusion order. A naive global occlu-
sion ordering in Chapter 4 fails. A feasible alternative is to apply a pairwise occlusion
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Figure 5.1: Overview of our top-down approach. The image is �rst given to a deep CNN to
produce instance masks, and their semantic classes. The classes are not shown in the image
for simplicity. The produced instance masks can be overlapping. Hence, they cannot be
directly used by pairwise occlusion order classi�ers. We develop a component that resolves
such overlaps. The output of this component has non-overlapping instance masks and their
corresponding semantic classes. These masks are then fed to a pairwise occlusion order
classi�er to predict the occlusion relation between each pair of instances. The result of the
occlusion ordering is shown by a relative depth map where each instance is brighter than
all of its occludees. The instance mask CNN and pairwise occlusion order classi�ers are
from prior works as discussed in Chapter 3.
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