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Annotation of Image Sequences Using Superpixels
Generating and linking superpixels between images for annotation purposes

PHILIP ANDERBERG
FANNY LIESEN GULLMANDER

Department of Electrical Engineering
Chalmers University of Technology

Abstract

A main challenge within the development of autonomous vehicles is to ensure oper-
ability in different conditions. This is commonly solved by using more labeled image
data, to obtain a more general model. Availability of annotated data is however lim-
ited and expensive across the entire field of computer vision. As such it would be
beneficial to streamline the annotation process to achieve a higher throughput and
lower price per annotation. This thesis presents a new approach for annotating im-
ages using superpixels in combination with a method for propagating annotations
forward through sequences, giving the user suggested annotations to be corrected.

A variety of structures for a Superpixel Sampling Network (SSN) were investigated
and evaluated, concluding that U-Net was the best network architecture. The U-Net
SSN was then connected with a proprietary propagation technique utilizing optical
flow and morphological operations. Lastly, the usefulness of the method was evalu-
ated by implementing the full pipeline with an annotation tool and running a time
study on four users. The study showed that the propagation did not contribute to
a better solution, it was however shown that superpixels can reduce the annotation
time with a trade off in annotation accuracy. With a correction tool enabled the
method also allowed for annotations with the same quality as the baseline, although
without any reductions in time. As such we believe that the proposed method could
be beneficial given further development of the annotation tool.

Keywords: Superpixel segmentation, Covolutional neural networks, Video mask
propagation, Optical flow, Color matching, Annotation.
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Introduction

In recent years the pace of work on autonomous vehicles has been picking up. One
main challenge for future autonomous vehicles is to ensure operability in different
driving environments such as urban or rural areas as well as varying weather condi-
tions. This is something that Volvo Cars want to solve and the main way of tackling
this problem when using machine learning for visual scene understanding is by using
more data containing varied scenes and conditions. This allows for a more general
solution, providing more stability in different environments. However, data needs to
be annotated manually which is expensive and time consuming. Additionally, the
high cost of annotations also holds back the field of image analysis as it limits the
amount of available data.

Semantic segmented annotations are particularly time consuming as the annotations
are pixel-wise. In the works [1], [2] it is stated that precise segmented annotations
for one image takes on average 90 minutes for an experienced annotator. Therefore,
it would be highly beneficial to streamline the annotation process such that it re-
quires less human interaction and offers a higher throughput.

An approach to reduce complexity and save time in operations with high amounts
of image data is to use superpixel segmentations [3|. This is a technique for seg-
menting images into groups of pixels with semantic significance, see Figure 1.1. One
approach for streamlining the annotation process might therefore be to pre-segment
images using superpixel segmentation.

Figure 1.1: Superpixels generated by the untrained superpixel sampling networks,
SSN-pix [4], on an image from the Cityscapes dataset [1].
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Further, an important property of many data streams is that the images to be an-
notated are collected in a sequential stream. Thus, it would be desirable to use the
sequencing of images to propagate annotations and segmentations between images.

This thesis strive to achieve a solution for annotating data faster by using superpixel
segmentations to speed up the annotation process of an initial image. The intention
is to also use propagation techniques for transferring or linking superpixels and
annotations to future frames, providing the annotator with a suggested annotation
that only needs to be corrected. To the best of our knowledge, previous works
focuses exclusively on the superpixel problem [4]-[8] or video mask propagation [9]-
[15], as opposed to this work which will focus on merging superpixel segmentation
and video mask propagation.

1.1 Objective

The thesis aims to provide a pipeline for generating and transferring segmentations
between images in a sequence. To do this, an existing superpixel segmentation algo-
rithm and a self-developed propagation method based on modern techniques needs
to be implemented. The superpixel segmentation is required to provide superpixels
with state-of-the-art performance. Further, the approach for propagation should be
able to transfer masks with good precision such that the accuracy of the segmenta-
tions is constant. To solve this problem in a satisfactory way the thesis intends to
answer the following questions:
o How can superpixel segmentations be implemented to support and mesh with
the annotation process of images?
e How can modern superpixel techniques be used in collaboration with video
mask propagation to pass on semantic information in image sequences?
o Which implementation of video mask propagation would prove to be most
useful in the annotation process of sequential images?

1.2 Contributions

The thesis presents a pipeline for generating and propagating superpixels between
images in a sequence. In the part of superpixel segmentation, different base network
structures for superpixel sampling networks have been implemented and evaluated.
For transferring superpixels, optical flow and color matching have been incorporated
in a proprietary technique also utilizing noise reduction with neighbour superpixel
matching and morphological operations. Additionally, an annotation tool that in-
corporates superpixels and propagation has been developed.

1.3 Related Work

This section present works related to the tasks of generating and propagating su-
perpixel in annotation purposes. What was found during literature studies is that
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previous work mainly focuses exclusively on the superpixel problem and video mask
propagation. Thus, these subjects are reviewed separately. Furthermore, a litera-
ture review on annotation of image data is also presented since this is a fundamental
area for the thesis.

1.3.1 Superpixel Segmentation

Superpixels was first introduced as an oversegmentation pre-processing stage, by
Ren et al. [3]. Superpixels are a group of connected pixels which Ren et al. state
should be local, coherent, and capture structures that are required for the level of in-
terest. The reasons for grouping pixels were that pixels by themselves does not hold
much information and that the number of pixels in an image is high which makes the
optimization problem hard to solve [3]. Since then, superpixels have been a building
block in various fields including image segmentation [4], [6]-[8], object detection [16],
[17] and image parsing [18]. During the recent years, properties for good superpixel
algorithms have been specified further and as such commonly desired properties are:
they should generate superpixels that adhere to natural boundaries, they should be
efficient and the generated superpixels should be similar in size and shape [19].

One of the most prominent algorithms for generating superpixels is Simple Linear
Iterative Clustering (SLIC) [5]. Proposed by Achanta et al., SLIC is an algorithm
in which the superpixel generation is seen as a k-means clustering problem. As a
distance measure SLIC uses the CEILab colorspace [20] in combination with x and
y pixel coordinates. Further, to speed up the search process when assigning pixels
to cluster centers, the algorithm uses a fixed search region. However, due to this
it is possible for pixels to be assigned to clusters of which they are not connected.
SLIC solves this by running an algorithm which enforces connectivity of superpixels
after all pixels have been assigned to superpixels.

Based on SLIC, Achanta et al. [6] improves the algorithm and propose Simple Non-
[terative Clustering (SNIC). SNIC is non-iterative and does not, compared to SLIC,
use k-means clustering. Instead it uses a priority queue and a distance measure to
decide which pixel to add to each cluster. Achanta et al. also presents a version
of SNIC which transforms the superpixel shapes into polygons. This is realized by
merging vertices that are too close in the original superpixels and then drawing lines
between the remaining vertices. Algorithms generating polygon segmentation have
shown to perform well on images with geometric and fabricated structures [6].

A problem brought up by Tu et al. [7] is that, since superpixels are over-segmentations
of an image, the superpixel boundaries within an object can be arbitrary, making

them hard to train. Tu et al. strongly focuses on the poor boundary adherence of

superpixel methods when the background color strongly resembles the object color

and proposes the Pixel Affinity Net (PAN) [7] as a solution. As loss, Tu et al.

proposes Segmentaion-Aware Loss (SEAL) which computes a loss at every pixel.

PAN is combined with entropy rate superpixel (ERS) segmentation [8] to generate

superpixels.
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To archive end-to-end trainable superpixels Jampani et al. [4] proposes superpixel
sampling networks (SSNs). Jampani et al. create a structure, in which a deep
network is set in sequence with a differentiable version of SLIC. To make SLIC
differentiable, Jampani et al. replace the hard pixel-superpixel association in the
nearest-neighbour operation with soft associations. To balance this, the superpixel
center calculation is also updated to accommodate the soft-association. Jampani
et al. advocate that a strength of SSNs is the ability to vary the loss function
to create different superpixels adapted for various tasks. It is also noted that the
deep network structure chosen by Jampani et al., is a convolutional neural network,
motivated by its simplicity. This leaves room for exploration as [4] states that other
network structures could be conceivable.

1.3.2 Video Mask Propagation

A method for transferring semantic information between frames is to link superpixels
from frame to frame using Optical flow [21]. Optical flow is the motion estimation
of pixels between two consecutive frames [21]. This movement can be caused by the
relative movement of the observer and the frame or movements of objects within
the frame [22]. Optical flow has been used to generate segmentations, however with
varied results since algorithms made for this struggles with clear object borders [9].
A better approach might therefore be to use optical flow to analyse the movement
patterns between frames and create predictions for the movement of superpixels and
then linking them together.

There exist many methods for solving the problem of estimating optical flow, two
prominent algorithms used for dense flow is Horn and Schunck [22] and Farnebéck
[23] which uses additional constraints and image pyramids respectively. For sparse
optical flow, one of the most prominent algorithms is the Lucas Kanade method
[24] that utilize the spatial intensity gradient to estimate the flow. A more recent
algorithm is the PCA-flow [25] that estimates flow by adapting a sparse-to-dense
methodology. There have also been improvements within the areas as deep con-
volutional networks designed for the task of optical flow has emerged. One of the
earlier networks made for estimating optical flow is FlowNet [26] where Dosovitskiy
et al. introduce optical flow as a supervised learning problem. Further, SelFlow [27]
increases the accuracy of the flow by presenting a method consisting of two networks
with the same architecture, one trained for estimation of flow for non-occluded pix-
els and one for flow on all pixels.

Another approach for linking the superpixels is to propagate the previous superpixels
to the current frame and connecting these with the current superpixels. Being able
to propagate superpixels can be seen as a video mask propagation problem. Within
this area, video propagation networks (VPNs) [10] rely on temporal coherence by
using a bilateral network structure to take in previous masks and frames and prop-
agate associated information to the current frame to generate a new mask. Caelles
et al. [11] points out problems with relying on temporal coherence and instead pro-

4
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poses one-shot video object segmentation (OSVOS). OSVOS [11] uses a pre-trained
fully convolutional network (FCN) to learn propagation of an object from the first
frame. The remaining frames are segmented using only that information, thus no
temporal coherence is necessary.

Video object segmentation (VOS) is the problem of annotating one or several ob-
jects across video frames. This problem is often solved by starting with one manual
annotation of one or several frames and attempting to propagate this annotation
through the image sequence, [9]-[11]. These solutions can be considered as semi
supervised since they require manual input but to a certain extent create automatic
annotations from that input. Unsupervised methods also exists which focus on au-
tomatically generating and tracking masks across the video stream instead of relying
on an original manual annotation [12] [13]. For semi-supervised VOS there is a sub-
area called interactive video segmentation [14], intended for when high precision is
needed on all frames. The technique build on propagation of an original mask just
like semi-supervised solutions but relies on user corrections of the mask for each
frame to ensure a high quality across all frames.

Recently, Voigtlaender et al. presented a new approach for single as well as multi-
object VOS called Fast End-to-End Embedding Learning (FEELVOS) [15]. This
solution extracts pixel-wise embeddings from the current frame in order to both
globally match with the first frame embeddings but to also match locally with the
embeddings from the previous frames. By performing the local and global matching,
both local and global distance maps can be extracted. These distance maps along
with backbone features extracted using deeplabv3+ [28] are then distributed as
inputs to the dynamic segmentation head which computes the final masks.

Another technique that is used for estimation of an unknown environment is Si-
multaneous Localization and Mapping (SLAM). SLAM is a computational problem
where an agent is supposed to estimate its location in an environment while simul-
taneously building a model of that environment [29]. SLAM is most often used
for generating a 3D map of its environment for the purpose of navigation [30]-[33],
however, this does not provide semantic information about the scene. Kundu et
al. [12] proposes a pipeline for generating 3D semantic segmentation in combina-
tion with spatial information from monocular video. The work [12] uses voxels (3D
subvolumes) to label objects in 3D space. The 3D space allows for object tracking
through sequences, information that can be inferred back to 2D images.

These solutions are semi-supervised, meaning that only one frame is manually an-
notated. This can result in less accurate segmentations than what is required in an
annotation workflow. This problem is brought up by Price et al. [14] who instead
suggests LIVEcut, an interactive segmentation method where the user, if necessary,
in each frame corrects the annotation and the algorithm learns from the user input.
LIVEcut lowers the user interaction time in video editing [14] and could conceivably
be used to annotate image sequences. While LIVEcut closely relates to annotat-
ing video frames, the underlying techniques are not modern and could be improved
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upon. However, the notion of interactively correcting annotations is highly relevant
to this thesis and would have to be investigated in combination with more modern
techniques.

1.3.3 Annotation

Annotation of image data is the task of marking and labeling objects or events
within an image. Depending on which is the wanted task this is done differently.
When using machine learning for visual scene understanding, two important tasks
are: Object detection and Semantic segmentation [34], [35]. In object detection, one
way of annotating is using bounding boxes which is placed around the object [36].
For the task of semantic segmentation each pixel in an image gets labeled as the
object class of which the pixel belongs [37]. Annotation are usually done manually,

however, there have been some approaches for streamlining the annotation process
[13], [18].

Using superpixels for annotation purposes have been done before [18]. In the paper,
Yamaguchi et al. presents an approach for parsing clothing in fashion photographs
using superpixels as a tool for segmenting the image before performing pose estima-
tion and labeling. Though [18] report good results, they also forwards the problem
of superpixels that not correctly adhere to the boundaries of the specific object.
Yamaguchi et al. describe this as a hard problem to solve as it occur for images
with nearly invisible boundaries.

A different approach for automatic annotations that was recently introduced by
Porzi et al. [13] generates training data for the task of multi-object tracking and
segmentation (MOTS) [38] from generic street-level videos. This is realized by com-
bining instance segmentation for every frame with an optical flow network to solve
the linear assignment problem and extract tracklets. The optical flow network is
based on the HD?F network [39] which was made for extracting pixel-wise corre-
spondences between frames.

1.4 Thesis Outline

In chapter 2, the sufficient theory needed for the thesis is presented. The chapter
starts by describing the background on machine learning followed by artificial neural
networks and convolutional neural networks. Image segmentation and more impor-
tantly superpixel segmentation are then described. Lastly, optical flow and other
techniques related to video mask propagation and image processing are presented.

Chapter 3 presents what has been developed and what new contributions have been
made in this thesis. The chapter starts with describing the overall approach before

moving into details about the different parts.

Following, chapter 4 describes the experiments that were performed in this thesis.
The experiments are placed in a chronological order of which they were conducted.

6
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Experiments related to the superpixel algorithm are first presented, followed by
experiments related to the propagation method. Lastly, a time study is presented
where the different parts of the pipeline are evaluated in an annotation environment.

Ultimately, in chapter 5 the thesis is concluded and future work is discussed.
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Theory

The thesis aims to tackle the problem of expensive annotations by investigating two
possible improvements in the annotation process. These possible improvements are:
generating superpixels that adhere to semantic boundaries and propagating anno-
tations masks through image sequences.

To realize this, a superpixel algorithm that fits the task of semantic segmentation
and a method for propagating annotations must be chosen and integrated. The
selected algorithm for generating superpixels is the superpixel sampling networks
[4] which was chosen as it is the state-of-the-art as well as being trainable to be
task-specific. The method chosen for propagation is a proprietary technique that
utilizes basic color matching in conjunction with optical flow from PCA-flow [25]
and morphological operations.

This chapter presents the underlying theory about the areas that are relevant in
this thesis. First knowledge about machine learning is presented, followed by image
segmentation and more importantly superpixel segmentation. Further, background
on optical flow and other techniques related to the propagation part are presented.

2.1 Machine Learning

In the modern era, computers are used for solving a broad variety of problems. To
solve these problems an algorithm can be formulated and implemented on a com-
puter. There are, however, problems which are not possible to formulate as a plain
algorithm, problems of a non standard nature. When classifying emails, every email
can be unique, making them hard to clearly cluster based on a hard criteria. Even
if a basic filter can be achieved with a standard algorithm, this might break if a new
unforeseen example occurs [40].

Despite these problems being difficult to formulate as a set of hard constraints, they
are not random. It is possible for a human to decide if an email is spam or not.
Problems such as these, where the input is known as well as the output are not
impossible to solve [41]. A set of emails can be gathered with corresponding labels
for if they are spam or not.

This is where machine learning enters, by possessing both the inputs and outputs
it allows for the computer to 'learn’ patterns in between [41]. It is assumed that

9
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a good approximation can be achieved, even if the full pattern is not understood.
Being able to approximate these patterns allows predictions to be made, assuming
that future data will not differ much from the that of when the data was collected.

2.1.1 Supervised Learning

Problems where the input, together with the true output are known, are referred to
as supervised learning. The task is for the computer to learn the relation from the
input to the output [40]. The data is often collected by observing humans, such as
in the case of predicting customers purchasing patterns. Data can also be collected
or generated in a more conscious way. If the task is to recognize objects in images,
first images containing the objects can be collected and then be annotated.

2.1.2 Unsupervised Learning N

In unsupervised learning there is no expected output to ,"'...‘ ‘;"
learn from, there is only input data. As such the objective e 0O 0+:l/'
of unsupervised learning is instead to find patterns within P : o. &
the input distribution and find regularities to see what | /® , ® 4.
happens more generally. This problem is closely linked ':\0 .. ¢ .\'

to statistics where it is called density estimation. One e e

use for this is clustering, a model which groups together
different entities based on similar attributes such as z

and y coordinates in a 2D space, see Figure 2.1 [40]. Figure 2.1: K-means

clustering for K = 2.

2.1.3 Semi-supervised Learning

If both unlabeled and labeled data are used in combination, it is called semi-
supervised learning. With semi-supervised learning the idea is that higher accuracy
can be achieved by combining small amounts of labeled data with large amounts
of unlabeled data instead of using only one or the other, see Figure 2.2. This is
beneficial due to the requirement of humans to annotate data, making labeled data
expensive [42]. For semi-supervised methods to work one or several assumptions are
made, such as: The data needs to form clusters as points in the same cluster have
a higher likely hood to belong to the same cluster. Points close to each other are
more likely to share a label, thus continuity is often assumed [43].

2.2 Artificial Neural Networks

One of the most prominent ways of implementing supervised learning are Artificial
Neural Networks (ANNSs), a method inspired by the human neuron [44]. ANNs are
constructed from artificial neurons that takes several inputs [y, ..., z,], multiplies
them by corresponding weights [wy, ..., w,] and summarizes them together with a
bias term wy, see Figure 2.3. This is then passed through an optional activation
function f to limit the output ¢ to a certain range of values [45].
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Figure 2.2: The influence of unlabeled data in semi-supervised learning. The left
image shows the border with only labeled data, the right shows the border when
unlabeled data is introduced.

To form an ANN multiple neurons are organized into layers, here each neuron is
connected to neurons in the previous and later layer, see Figure 2.4. Neurons in
the same layer are not interconnected. Layers that receive external data are called
input layers, layers that produces the final result are called output layers and the
layers in between are called hidden layers [40].

Input Hidden | Output |
' '

Figure 2.4: A simple ANN with three in-
Figure 2.3: A typical ANN neuron. put neurons, two hidden layers consisting

of four neurons each and an output layer

with two neurons.
The goal of a neural network is to learn the mapping from the input = [z, ..., z,,]*
to the expected output y = [y1, ..., ys]T, where n is the number of inputs and h is
the number of outputs. This mapping is learnt by finding weights w = [wy, ..., wy]?
that minimizes the error between the given output ¢ and the expected output y.
For example, in the trivial case of just one neuron [46], as in Figure 2.3, no bias
(wp = 0) and with p example pairs [(z1, Y1), ..., (p, Yp)], the equation to solve is:

P P
min 12 (y; — 9;)° = min ;Z (yi - zciT'w)2 . (2.1)

i=1 i=1

2.2.1 Loss Function

Equation 2.1 is an example of an objective function which tells the network what
is desired to achieve. In general the goal is to select the weights w, such that the
probability of mapping the input x to the output y is maximized. This is done in the
training process through minimization of the loss function, in Equation 2.1 this is the
part that is being summarized (%(yi — :I;ZT'w)2) The loss function is a function that
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needs to cover all of the properties of the task with a single value which determines
how well the solution performed. This is also a value which allows comparison
between different solutions. There exist multiple loss functions and depending on
what tasks to solve, as such it is important to select the proper loss function for the
task. Two common loss functions are cross-entropy loss for classification and mean
square error for regression [47].

2.2.2 Training

The optimization of the model weights is referred to as training. There are multi-
ple ways of achieving this, the dominant method however, is gradient descent [40].
Gradient descent is a method of finding the local minima for a multi variable func-
tion. This is an iterative process, where an initial guess for the parameters first is
made, the parameters are then updated with the negative gradient of the function,
see Equation 2.2. Here « is the size of the step to take, also called learning rate in
machine learning, F is the function to optimize and a is the parameters to optimize.

ani1 =a, —aVF(a,), n>0 (2.2)
ww—a-Vy Y Li(w) (2.3)
i=1

More specifically for deep learning, the weights are updated according to Equa-
tion 2.3. Here, L; is the loss of example ¢ and m is the number of examples (also
known as batch size). w is the weights. The batch size determines the type of
gradient descent is chosen, if m = p (all examples) it is known as regular gradient
descent. This type of gradient descent will always converge to a local minimum and
if the loss function is convex, it will converge to the global minimum. At the other
extreme (m = 1) stochastic gradient descent can be found, this approach updates for
every example instead of for every batch, this makes it much faster, however with
a noisier descent. The option in between (1 < m < p) is called mini-batch gradient
descent, thus allowing tweaking of the batch size.

2.3 Convolutional Neural Networks

Convolutional neural networks (CNNs) are a category of neural networks made for
the processing of data that has a grid-like structure. Images are an example of this
type of data as they are a two-dimensional grid consiting of pixels [40]. The main
difference between CNNs and ANNSs is that CNNs consist of convolutional layers
instead of the traditional neurons.

2.3.1 Key Components

The CNN architecture consist of a few key components and functions. This section
describes the most important and relevant components to this thesis.
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2.3.1.1 Convolutional Layer

The target of the convolutional layer is to extract features from an input image us-
ing the convolution operator. The convolution is realized through sliding a window
(kernel) of finite size across the input image and computing the dot product. The
input image is often a multi-dimensional array of data whereas the kernel is a mul-
tidimensional array of weights which are updated during the learning process [40].
The output is referred to as the feature map and depending on the weights and the
hyperparameters of the kernel, the convolution will generate different feature maps
for the same input. The convolution is described by

fla,3) =10, §) = w(i,j) = 3 I(k, Dw(k —i,1 = j), (2.4)

where * is the convolution operator, [ is the input image, w is the kernel and f
is the output feature map [21]. Two of the most important hyperparameters are
the number of channels and the stride, which decides the kernel dimensions and the
number of pixels which the kernel is shifted respectively.

Every channel of the input image will be convolved with a distinct kernel meaning
that Equation 2.4 is performed for every channel. Thus, the number of channels in
the kernel needs to be the same as in the input image. The output feature map is
then obtained by element-wise sum the feature maps. A convolutional layer can con-
tain multiple convolutions for which each produce one of the output feature maps,
meaning the number of output channels is equal to the number of convolutions in a
layer.

A simple example of a convolution can be seen in Figure 2.5.

— — A~ 11+20+01+1-1=0 .

0 1 -2 1 1 0
I- — # =
2 1 1] 1 1
0 0 2 0 w f

Figure 2.5: A toy example of convolution with a 2-dimensional input image of size
(4 x 4), a kernel of size (2 x 2) and a stride of 2.

2.3.1.2 Activation Layer

The activation layer in a neural network is the function that creates non-linearity in
a model. Without the activation function, the network would only be able to pro-
vide linear mapping between the input and output. The operation is element-wise
meaning that the mathematical function is performed on every value individually.
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Examples of activation functions are Rectified Linear Unit (ReLU), Sigmoid and
Softmaz [40].

ReLU [48] activation function, which in the last few years has become very popular
[49], uses the max-function to threshold at zero, it is described as

g(z) = max{0, z}. (2.5)

The Softmax function computes the probability distribution and thus the output is
in the range between 0 and 1. The softmax function is rarely used inside a model.
It is usually used at the end to classify the output into different classes [40]. The
function is given by N

et

f(ml) = Zj e’

(2.6)

2.3.1.3 Pooling

The pooling layer reduces the size (downsamples) of the input features in a similar
manner as the convolution but with a different function than the dot product. De-
pending on which pooling, and function, is used, different features are kept. Two
types of pooling are max pooling and average pooling [40]. In max pooling the max
operator is used to obtain the maximum value of the current patch when doing
sliding window. This value is then passed on to the output. Average pooling the
average value of the current patch is taken. Similar to the convolution layer, the
pooling layer acquire the hyperparameter stride which decide the step size when
performing the sliding window operation.

2x2 Max-pooling

Figure 2.6: A toy example of max-pooling with a 2 x 2 kernel and a stride of 2.

2.3.1.4 Batch Normalization

Batch normalization (BN) [50] is a method that is often applied after the convolu-
tional and fully-connected layer to normalize the initialization and make the training
faster [51]. BN is based on the assumption that the problems that follow the co-
variate shift for initialization also applies to layers inside the network. Meaning
problems caused by change in the distribution of network activations. This makes
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the networks more complicated to train as it is more sensitive to high learning rates
and wrongly made parameter initializations. Thus, the BN layer is developed to
reduce the internal covariate shift [50]. Ioffe et al. found that by only adding BN to
a state-of-the art image classification model reduced the training time substantially.

BN is realized through first computing the sample mean pugy and sample variance
0%y for the entire mini-batch. For one neuron this is expressed by:

1 &,
Mbn:a;fz

1 &,
Jl?n = %Z(z —/Mm)Q,

i

(2.7)

where m is the mini-batch size and z is the linear combination of the inputs to

the neuron and their respectively weights. Further, the z* is normalized 2!, and

ultimately scaled and shifted z°. This is defined by:

i _ 2 — gy

e o2+ e (2.8)
21 = ryZ:lO'f‘m —"_ /67

where € is a small positive number and v and 3 are learnable parameters [50].

zZ

2.3.1.5 Upsampling

Upsampling is the technique that increases the resolution of an input image. There
exists multiple methods for this such as: Bilinear upsampling and Transposed con-
volution.

In bilinear upsampling the values of the pixels are calculated using bilinear interpo-
lation. Bilinear interpolation is the 2D version of the 1D linear interpolation where
interpolation is realized by computing the linear interpolation in two directions by
using its four nearest neighbours [52]. Linear interpolation is a method for estimat-
ing the value of a new constructed data point that is placed in between two measured
data points. The value of the new data point lies on the line that goes through its
two closest neighbours. If x is the coordinate of the new point and z; < r < z;41,
then value y(z) is estimated as:

r — T

y(a) = y(@:) + (Y(@ir1) — y(w:)) (2.9)

Tig1 — iUz‘.
Thus, the upsampling is realized through computing the bilinear interpolation for
the new positions with unknown values.

2.4 Image Segmentation

Image Segmentation is the task of clustering pixels that has some kind of spatial
relation to each other. The clustering aims to identify meaningful segments that can
be used to describe the content of the image. There exists multiple segmentation
task in which what is segmented and the amount of things segmented is different.
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2.4.1 Superpixel Segmentation

Superpixel segmentation is a method, in which pixels in an image are grouped to-
gether to create meaningful regions. The superpixels can then be used instead of the
original pixels to reduce complexity and speed up performance in many computer
vision applications [6]. Superpixels have been used in areas such as object localiza-
tion [53] and stereo vision tasks [54]. For superpixels to be useful, Achanta et al.
[5] and Stutz et al. [55] points out important properties of the superpixels and the
algorithms used to create them as:

« Each superpixel must define a distinct partition of the image.

o Every pixel must be assigned to a superpixel.

o The pixels in the superpixels must be connected.

e The image boundaries should be preserved.

e Superpixels should be compact in shape, regularly placed over the grid and
have smooth boundaries when there is an absence of image boundaries.

» Superpixels should be efficient to generate.

o The number of superpixels should be controllable.

2.4.1.1 Superpixel Sampling Networks

The state-of-the-art algorithm for generating superpixels is superpixel sampling net-
works (SSNs) [4]. The algorithm combines a neural network for extracting image
features with a differentiable version of the superpixel algorithm SLIC. A schematic
view of the algorithm can be seen in Figure 2.7.

Deep Differentiable
Network SLIC

Image Superpixel Sampling Network (SSN) Superpixels

Superpixels for Semantic Segmentation Sup

Sl T : o R

erpixels for Optical Flow

\ 3

R : ; 4
Image Superpixels Segmented Labels : Image Superpixels Segmented Flow

Figure 2.7: Image taken from [4] which shows an overview of the SSN [4]. The
top shows an image being the input to the deep network which further sends the
feature maps to the differentiable SLIC which generates the final superpixels. On
the bottom, examples of when SSN is trained for semantic segmentation (left) and
optical flow (right) are shown.

The approach is summarized in Algorithm 1. The input of the algorithm is an five-
dimensional image with spatial dimension H x W (height x width). The 5D space
has the dimensions [labry] where [lab] is the pixel color vector from the CIELab
color space [20]. The [zy] dimensions is the pixel xy-coordinates.
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In the initialization part of the algorithm, the interleaved CNN extracts deep fea-
tures I’ of size (n X k) from the input image and the superpixel centers are initialized
(line 1 and 2). Where n is the number of pixels in the image and k is the number
of channels decided by the network. The m superpixel centers S° € R™*5 are then
sampled uniformly across the pixel grid. The centers are then moved to the position
within a 3 x 3 neighborhood with the lowest gradient to prevent placing superpixel
centers on object boundaries [5].

Next, on line 3 the differentiable SLIC is looped v times and updates the soft pixel-
superpixel associations Qfgi € R™* and superpixel centers S* are updated. The
pixel-superpixel associations H € {0,1,. .. ,m — 1}"*! computed in the original
SLIC are hard associations, meaning that every pixel is said to belong to a specific
superpixel in the SLIC loop. However, in the differentiable SLIC these are changed
to soft associations enabling the algorithm to be end-to-end trainable. These soft
associations are given by

to— e IF=SI (2.10)

pi

where t refers to the current SLIC iteration. Further, p and ¢ refers to the pixel

and superpixel respectively. The distance computations are restricted to only the
surrounding 9 superpixels due to the memory and computational power it takes to
compute the distance for the complete set of superpixels.

The superpixel centers are derived using

1 n
Si = 27 2 Quiby (2.11)

[3 p:l

where Z} = Y7_, Q}; is denoted as the normalization constant.

After the SLIC iterations, the hard association H, = arg min||F, — S!'||? are com-
puted to assign the pixels to the final superpixel clusters (line 8). Enforced connec-
tivity (line 9) is then applied to the output by merging superpixels that are smaller
than a threshold with its surrounding superpixels. This reassigns small superpixels
as well as pixels that are not spatially connected to their assigned superpixel.
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Algorithm 1 Superpixel sampling network [4].

Input: Image I .
nx
Output: Pixel-Superpixel association (@) .

nxm

1: Pixel features using a CNN, Fk = F(I).
nx
2: Initial superpixel centers with average features in regular grid cells, S Ok =J(F).
mX

3: for each iteration t in 1 to v do

4: Compute association between each pixel p and the surrounding superpixel i,
i = e~ I1Fo=5;1%,

5: Compute new superpixel centers, S! = Z%t Yoot Qrily: Z) =32, QL

6: end for

7: (Optional) Compute hard-associations H‘i; H) = arg max
nx

U.
pr
z€{0,1,. . .,m—1}

8: (Optional) Enforce spatial connectivity.

2.4.2 Optical Flow

Optical flow is the estimation of motion computed at each pixel [21]. The input of
an optical flow algorithm is a pair of images from a sequence. The algorithm pro-
duces a two-dimensional image where each pixel value represent the approximated
movement vector in x and y-direction.

Optical flow is based on the assumption that the intensity or color of a pixel moving
is constant between frames. This assumptions is called the brightness constancy
constraint [56]. With the intensity of a pixel (x,y) at time ¢ expressed as I(x,y,t)
and the brightness constancy constraint applied, the intensity when moving the
pixels by (Axz,Ay) will be constant. The relationship between the old and new
frame can be expressed as

I(x,y,t) = I(z+ Ax,y + Ay, t + At). (2.12)

By applying the first order Taylor expansion, the optical flow constraint can be
derived

Lyu+ L+ I, =0, (2.13)

where I, I, and I, denotes the partial derivatives respectively %, % and % [56].
These can be obtained from the two frames. The movements over time are denoted
(u,v) = (%, %) and are unknown in this equation making it an underdetermined
system. There exist a few methods to solve this problem and common techniques
are: gradient-based algorithms [24], polynomial expansion based algorithms [23] and

sparse-to-dense approaches [25].

2.4.2.1 PCA-flow

PCA-flow is a method that uses a sparse-to-dense approach when estimating the
optical flow. The algorithm uses pre-computed basis vectors b to map the sparse
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features to dense features [25].

To estimate the sparse features, the PCA-flow first normalize the frames using Con-
trast limited adaptive histogram equalization (CLAHE) [57] in order to enhance the
information that the feature detectors can capture [25]. This method remaps the
image intensity in order to flatten the intensity histogram. Resulting in an enhanced
information content as the entropy in the image increases [58].

The feature points are then extracted and matched by utilizing the method presented
in [59]. This method extracts features by finding blob max, blob min, corner max
and corner min features. This is done by first filtering the frames with blob- and
corner detectors and then using non-maximum- and non-minimum-suppression on
this. Further, feature points are matched based on Sobel filter responses. These
sparse feature points are defined as: {(pg,qx)} for k =1,. .., K where py is the 2-
dimensional location of a feature point in the first frame and gy, is the corresponding
locations in the second frame. The displacement of these feature points are defined
as:

Ve = qr, — Pk- (214)

To convert the sparse features to dense optical flow, finding the weights @ that
provides the best description of the feature matches is seen as a regression task and
can thus be expressed as a least square problem

W = argmin, || Aw — y||3, (2.15)

where y = [v14, . . UKz, U1y, - - - VUky,|" and A is a matrix containing the
learned basis vectors b. These basis vectors were computed offline beforehand and
this was done by first extracting optical flow using GPUFlow [60] from movies. The
basis vectors b were then selected using the line fitting method principal component
analysis (PCA) as presented in [61].

Lastly, the optical flow is approximated as the weighted sum the basis vectors

N
w=(u,, u))~ D w,b. (2.16)
n=1

2.4.3 Morphological Operations

Morphological operations are tools used in image processing for content enhance-
ment and removal of noise. These are most often used on binary but also grayscaled
images. Where on binary images, one class is considered the foreground and the
other background. Two of the most basic operations are erosion and dilation. Ero-
sion remove pixels from boundaries of foreground objects as well as increase size
of holes. In oppose to erosion, the dilation operation adds pixels to boundaries
and fills holes. Thus, dilation is the opposite of erosion and therefore erosion on
the foreground is equivalent to dilation on the background. These operations takes
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two inputs, the image to be processed and a structuring element. The structuring
element (also known as kernel) decides the effect and magnitude of the operation.
There exist multiple structuring elements and a few common are: squared, cross-
shaped and disk-shaped [62].

Based on erosion and dilation are the two operations: Opening and Closing. The
opening operations starts by performing erosion and thereafter dilation whereas the
closing operation works in a reverse manner as it first performs dilation followed
by erosion [63]. The effect of opening is that it smoothes the edges of objects and
removes thin protrusions. However, closing also smoothes borders but instead of
removing border pixels it adds border pixels and fills small holes.
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To solve the problem of expensive annotations, an approach that utilizes superpixels
and propagation in the annotation process was developed. The approach consists
of two main parts: superpixel segmentation and video propagation. A schematic
overview of the approach can be seen in Figure 3.1.

Superpixel . Propagation 1st i
Images Segmentation e Superpixel (> Step > Superpixel
Masks Links

[
) 4 l A4 l
Starting Offline : ¢ |
. ) Online files
points calculations

Labeling Propagation 2nd

Pre-processed Online User Annotations Step
files calculations interactions

Figure 3.1: Schematic overview of the approach.

In the superpixel part, superpixels are generated from images using the method su-
perpixel sampling networks. Further, superpixels are used together with the images
to link superpixels between images. This is realised by a self developed method that
utilizes color matching, supported by optical flow for better movement accuracy
and morphological operations to clean up the propagation at run time. Lastly, to
fully investigate the effects of superpixels in combination with the propagation an
annotation tool utilizing these has been developed.

3.1 Superpixel Sampling Networks

For the generation of superpixels, the algorithm superpixel sampling networks (SSNs)
[4] was selected. This method combines a deep neural network for feature extraction
with a differentiable version of the original SLIC algorithm [5]. The approach is the
state-of-the-art and has the ability to learn task-specific superpixels by varying the
loss function and training data [4]. Based on the evaluation of different network
structures, see 4.1.6, the U-Net [64] was selected as a base architecture for the final
network. After superpixels have been generated, connectivity is enforced by divid-
ing non-connected superpixels into new unique superpixels. The overview of the
approach can be seen in Figure 3.2.
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Figure 3.2: Schematic overview of the superpixel generation process.

3.1.1 Network Architecture

The selected network architecture is very similar to the original U-Net [64] archi-
tecture but instead of using transposed convolutions for upsampling, bilinear up-
sampling is used. Bilinear upsampling is used as the U-Net implementation our
implementation was based on used bilinear upsampling instead of transposed con-
volutions. An overview of the network architecture can be seen in Figure 3.3.

5 64 64 128 64 64 25
Output
Input tati
image segmentation
map
1, 128 128 256 128 4
- < 256 256 512 256
- & 512 512 1024 512
M D_,[H] < 2x2 Conv + Bn + ReLU
T 102 => 2x2 Maxpooling

DDD => 2x Bilinear upsampling

Copy and concatinate

Figure 3.3: The U-Net network architecture used in this thesis.

U-Net is based on the fully convolutional network [65] and was originally made
for biomedical image segmentation. The architecture consist of two distinct parts:
the contracting and expansive. In the contracting part, the input is downsampled
and the number of channels are increased. This part consists of a series of 3 x 3
convolution layers interleaved with BN [50] and ReLU activations [48] and 2 x 2
max-pooling layers with stride 2 for downsampling. The number of filters for each
convolution layer is increased by two, thus resulting in twice the feature maps after
each convolutional layer.

The expansive part is a symmetric version of the contracting part and thus consist
of four convolution and upsampling steps. The convolutions are performed with a
kernel of size 3 x 3 and are interleaved with BN and ReLLU activations. The upsam-
pling is realized through 2 x 2 bilinear upsampling which increases the spatial size.
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After each upsampling step, the feature maps are concatenated with the respective
feature maps from the contracting part to regain additional information regarding
localization of features. Due to the convolutional layers not using padding, the fea-
ture maps from the contracting part needs to be cropped. Ultimately, the feature
map is run through a 1 x 1 convolution layer to obtain an output with 20 output
channels.

3.1.2 Loss Function

Two different loss functions are used: Reconstruction loss and Compactness Loss.
The overall loss function is defined as the summed losses

L = Lreconstruction + Lcompact~

3.1.2.1 Reconstruction Loss

The reconstruction loss is a task-specific loss designed to help in the process of gen-
erating superpixels that adhere to semantic boundaries. This is done by using the
semantic labels as target and a pixel representation based on the pixel-superpixel
association matrix @), see 2.4.1.1, generated from SSN and the target as the input.
The target semantic labels is a pixel representation denoted as R € R™*! where n is
the number of pixels and [ is the number of classes in the target.

To obtain the input, the target superpixel representation R is mapped from the
target R with the help of the column-normalization () matrix, denoted Q7

R=Q"R,

where R € R™*! and m is the number of superpixels. Further, the superpixel repre-
sentation R is converted back into a pixel representation using the row-normalized
@ matrix, denoted Q,

R* = QR7
where R* € R™!. This pixel representation R* is then comparable to the target
semantic labels R and is used as the input to the reconstruction loss

Lreconstruction = ‘C(Ra R*)

where the loss £ is defined as the negative log likelihood loss. Ultimately, the final
loss is computed as the mean value of the logarithmic values.

3.1.2.2 Compactness Loss

To encourage superpixels to have low spatial variance, a compact loss is introduced.
The target of the loss is the original positional pixel features I*Y € R"*? which is
defined as the [xy| dimensions of the input [labry| image. Furthermore, input of the
loss is represented by the positional pixel features I*¥ € R™*? from the generated
superpixels which is defined by Equation 3.1.
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To compute the input /%Y, the superpixel representation S*¥ is first mapped from
the original position features I*Y using the column-normalization association matrix
QT

Ty QT[xy

where S*¥ € R™*2. Further to obtain the new positional pixel representation I*¥,

pixels belonging to a specific superpixel are given the positional features of that
superpixel. This is done by utilizing the hard superpixel-pixel association H, which
is the matrix that directly maps every pixel to one specific superpixel, together with
the positional features that are mapped into the superpixel representation S*¥. This
is defined by

if Hy=1i: IV =57, (3.1)

meaning that if pixel p belongs to superpixel ¢ then the positional feature of su-
perpixel ¢ is assigned to [;¥. The compact loss is then defined by the mean square

error
1 & =
Lcompact Z(I:Ey Ixy)Z.
n

=1

3.2 Propagation

To propagate annotations in between images a variety of techniques was used. A
focus was put on doing most of the processing offline, as time consuming processing
during the annotation phase would not support the end goal of lower interaction
time per image. The propagation begins by linking every superpixel in mask 7 + 1
to a superpixel in mask ¢ as well as calculating the internal links between superpix-
els in mask ¢ + 1 (neighbours), see Figure 3.4. The calculate links step is further
explained in 3.2.1

At runtime the user then labels superpixels in mask i+1 to create an annotation.
This annotation is then propagated using the preprocessed linked list, see Figure 3.4.
In the propagated labels mask i+1 that is had after the propagation, outliers might
occur, as such this mask is refined in the clean suggestion step to achieve the sug-
gested labeled mask i+1, see 3.2.2.

‘(7 Starting ‘
L points ) — —

Pre-processed Calculate Superpixel Calculate X
pﬁles SEER0 Links Mask i+1 Neighbors Image i+1

Offline l
calculations s ol A
. Superplxel 5 Propagate Neighbor 5 Clean [RSUIIEEEE (
Onhng Mask i el L Labels List Suggestion Lahelfe dl \
calculations \ Mask i+1 \

Online files

Labeled Propagated

—»  Labeling —» Superpixel Labels
- User Mask i Mask i+1
interactions

Figure 3.4: A flowchart showing the overview for the propagation of annotations.
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3.2.1 Link Calculation

The links between superpixels and images were calculated from a combination of
color matching and optical flow, see Figure 3.5.

]
| |
Superpixel Superpixel ] ]
Mask i Mask i+1 Image i Image i+1 Start
|
Y A l Y
Superpixel Superpixel | Threshold | Calculate
»| color similarity flow links [ optical flow | Optical flow
l l Calculate
Threshold Weight Select the links
e » together color » optimal link for > Link List
color similarity .
and flow each superpixel

Figure 3.5: The procedure for linking superpixels between images.

For each superpixel in both images the average color is calculated. Taking the
distance in the CIELab color space, a measure for color similarity between each
superpixel in mask ¢ and mask i+1 can be derived. The measure is calculated by
treating each color channel as a position, claculating the measure as the euclidean
distance between the average color of 2 superpixels:

d= \/(ai,j — aiy1e)? + (bij — big1r)? + (Lij — Lig1)?

Here d is the distance measure calculated between superpixel j in mask ¢ and su-
perpixel k£ in mask i+1, calculated in the CEILab color space, a, b and L are the
CEILAB channels. This measure can then be thresholded, meaning, for each super-
pixel in mask i+ only superpixels in mask ¢ with a similarity below the threshold
are taken into consideration as a potential match.

To get a better temporal coherence in the linking of superpixels, optical flow from
image ¢ to image i+1 is used in combination with the color matching. The algorithm
selected for computing optical flow is PCA-flow [25]. This algorithm was chosen as
it performs well for the task and is simple to implement as it is part of the opencv
library [66].

After the optical flow is computed it is thresholded in two steps: First to reduce
noise from pixels that are not moving and second to remove outliers. To reduce
noise from pixels that are not moving, the absolute value of flow is lower bounded.
Meaning, pixels which movement in any direction is less than 7 is assumed to be
not moving in that direction. The threshold is expressed

if: |l <7 = [, =0,

where [ is the flow vector and 7 = 2. The value is chosen through testing different
thresholds.
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To remove outliers, the second threshold was set at 2.5 standard deviations of the
size of the optical flow vectors, as such a lower and an upper bound for the optical
flow was set dynamically for every image pair. The threshold is defined as

M — 2.50’[ 2 ll 2 1% -+ 2.50’1,
where p; is the mean and o; is the variance of the optical flow vectors.

Using the optical flow, the average expected position of each superpixel from image
7 in image 7+1 was calculated. Taking the average position of each superpixel in
image i+1, the distance between between each superpixel in i+1 and the expected
position of each superpixel from ¢ could be derived.

Ultimately, by weighting together the optical flow and the color matching, a cor-
respondence score between each superpixel in i+1 and 7 was calculated. The link
with the highest score was deemed a match and was saved in a list pertaining all
the correspondences, this is refereed to as link list in Figure 3.5. The weighted
correspondence score was calculated according to

3 4
Cscore = de + dcv

here d, is the distance between the expected position of a superpixel from i to i + 1,
d. is the color distance. The exponents was chosen based on trail and error, as this
combination gave the best result when evaluating the method numerically for mIoU.

3.2.2 Cleaning Propagation

When linking superpixels, the output is not perfect. There might for instance be
outliers such as superpixels labeled as sky among superpixels labeled as road. As
this is highly unlikely to be correct it is desirable to get rid of these outliers, therefore
a method for cleaning the propagations at run time was proposed, see Figure 3.6.

Re-Label Split Into
Superpixel Binary Masks Opening

Morphological

ropagated | Compare Spixel
Labels I Label to

Mask i+1 | Neighbors r
Yes l T l
Neighbor @ Tahels Downsample Morphological

List Mask i+ 1 Closing

No—T l

Clean Suggestion 7
Superpixel q Re-Label Suggested

2 » Downsample . > Labeled |
Mask i+1 | Superpixels Mask i+1 \

Figure 3.6: Flowchart that portrays how the cleaning of annotations after propa-
gation occurs.

The first step, calculating neighbours, occurs offline. Here every superpixel is pro-
cessed and all of its neighbouring superpixels indices are saved so they can be refer-
enced later.
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The second step, which occurs at run time, is to process each superpixel and com-
pare its label to those of its neighbours, see Figure 3.6. If another class is a stronger
match, with a certain margin to the originally labeled class, the superpixel is rela-
beled as the strongest match. The margin is set as a threshold:

0.4

T = .
Nelasses

Here ngsses is the number of classes contained in the neighbouring superpixels (no

label is treated as a class). Based of 7 the criteria for relabeling a superpixel is set

as:

Nother class > Nsame class

+ 7
Npeighbors Npeighbors

Nneighbours 15 the number of neighboring superpixels, 7ggme ciass 15 the number of
neighboring superpixels with the same class as the central superpixel and noier ciass
is the number of neighbouring superpixels belonging to one class that is not the
same as the central superpixel. If this criteria is met, the superpixel is relabeled as
the class that fulfills the criteria. As such for a relabeling to occur, the new label
has to be 40% better match than the original label.

number of classes

The neighbour matching works well for removing obvious outliers, however the mask
still has a lot of noise. One approach to remove noise in binary masks is morpho-
logical operations. However, the labeled mask in this case is not binary. To solve
this, the labeled mask is split into multiple binary masks, one for each class with no
label being treated as a separate class. Morphological opening is then performed on
each binary mask followed by Morphological closing to remove noise. This is done
on a mask that is downsampled to half the resolution to reduce processing time, see
Figure 3.6.

When up-sampling the mask again, it is important that the classes adhere to the
superpixel borders. To achieve this the original unlabeled mask is downsampled to
the same resolution as the binary masks. Every superpixels in the full resolution
mask gets labeled as the class which has the highest number of overlapping pixels
with the superpixel in the low resolution mask.

3.3 Annotation Tool

To be able to evaluate the full annotation pipeline using superpixels and propaga-
tion, an annotation tool using these methods was developed. To enable annotations
using the superpixels, the annotator was given a few basic tools. The first of which
was the ability to overlay a superpixel mask over the image, this mask could be
toggled as it can obstruct the ability to see true object borders within the image.
Other basic functionalities are:

o Left click to select a superpixel.
» Right click to deselect a superpixel.
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o Left click and drag to select multiple superpixels.

o Right click and drag to deselect multiple superpixels.

o Left click and circle to select all encircled superpixels.

o Right click and circle to deselect all encircled superpixels.
e Scroll to zoom.

o Middle click and drag to pan.

e Zoom inversion to facilitate user preferences.

e Undo and Redo functions to quickly correct mistakes.

o Clear function to start the annotation from the beginning.

As superpixels alone do not match the borders that are desired perfectly the ability
to correct these was built in to the tool. This was done through a process called
add corrections, a tool that allowed the user to add new superpixels by drawing
polygons. The polygons simply overwrite the underlying superpixels for an intuitive
correction with a low processing requirement. The layout of the tool as well as the
demonstration of a few basic functions can be seen in Appendix A.
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Experiments

This chapter describes the experiments performed in the thesis as well as informa-
tion regarding the metrics, datasets and the implementation. Further, the chapter
also presents the results and a discussion regarding the experiments. The experi-
ment chapter is divided into three parts: evaluation of the superpixel segmentation,
evaluation of the propagation method and the time study. The evaluation of the
superpixel segmentation showed that the SSN U-Net model presented in this the-
sis have a performance close to the state-of-the-art SSN. The propagation method
demonstrated that propagating annotations are only beneficial for classes that are
big in size and and consistent in appearance. Finally, the time study indicate that
the approach could be used for annotation purposes, however the annotation tool
needs to be developed further.

The experiments are presented in a chronological order, starting with presenting the
evaluation of the superpixel segmentation followed by the experiments done on the
propagation part. Lastly, a time study is conducted where different parts of the
pipeline are measured in an annotation environment.

4.1 Superpixel Evaluation

To find a suitable network to include in the final algorithm, a few different net-
work structures are evaluated against each other. Later, through evaluating the
final superpixel segmentation algorithm it is possible to find out how the suggested
approach stand compares to the current state-of-the-art.

4.1.1 Dataset

The dataset used for training and evaluation of the superpixel segmentation is the
Cityscapes dataset [1]. Cityscapes is a dataset developed mainly for semantic ur-
ban scene understanding which aligns well with the thesis. Other datasets were
also considered, such as BDD100K [67], Mapillary Vistas [2] or ApolloScape [68].
These datasets also aligns well with the thesis and would be suitable to be used
for evaluation. Ultimately Cityscapes was chosen as it has been used for evaluating
state-of-the-art superpixel algorithms [4], [7], which allowed easy comparison.

Cityscapes consists of 25,000 urban street scenes from 50 different cities in Germany
and in neighboring countries. Out of these images, 5,000 are high quality pixel-
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level annotations. Boundary adherence is a highly desirable property when using
superpixels for annotations, as it is the main factor for the quality of the annotations.
Intuitively, to get superpixels with high boundary adherence, it is necessary to use
ground truth annotations with high boundary adherence, as such only the high
quality Cityscapes annotations were used.

4.1.2 Evaluation Metrics

To evaluate the performance and the quality of superpixels, three different metrics
were used, namely Achievable Segmentation Accuracy (ASA), Boundary Precision
(BP) and Boundary Recall (BR). ASA is a measure of how much of the image is
correctly labeled by the superpixels and is a commonly used metric for evaluating
superpixels [4]-[7], [65]. This is calculated on a pixel level to give a percentage of
the amount of correctly labeled pixels, as such an ASA-score of 100% implies that
all pixels are labeled correctly.

ASA can be a good metric but it does not give the whole truth, as it does not give
any information about the boundary adherence of the superpixels. To measure the
boundary adherence, BR and BP are used as they are common when evaluating
superpixel boundary performance [6], [5], [4]. BR is a measurement of how many of
the ground truth border pixels are captured by the superpixel boundaries. This can
however be misleading, as simply labeling every pixel as a boundary pixel would give
a recall of 100%. Due to that, BP is also measured as the percentage of correctly
labeled boundaries with respect to the total number of labeled boundaries. Thus by
labeling every pixel as a boundary pixel BP would be 0%.

4.1.2.1 Achievable Segmentation Accuracy

To compute the ASA score each superpixel is labeled as the ground truth segment
which has the largest overlap with the superpixel. From there the number of cor-
rectly labeled pixels can be calculated and summed up for all superpixels. This is
then divided by the total number of pixels in the image to give segmentation ac-
curacy. Thus, for a given superpixel segmentation and the respective ground truth
segmentation, the ASA score is given by

ASA(S,G) = = 3" maxg,|S; N Gil. (4.1)

N ges

Here S = (51, ..., Sng) and G = (Gy, ..., Gy, ) denotes the superpixel mask and the
ground truth sematic segmentation mask, with S; and being the iy, superpixel and
G; and being the 4y, ground truth segmentation. S, N G; refers to the intersection

of pixels between the superpixel Sy and the ground truth segmentation G;.

4.1.2.2 Boundary Precision and Recall

BR is calculated by taking the ratio between the amount true positives (TP) bound-
ary pixels and the amount of actual borders pixels, in other words, the TP plus the
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false negatives (FN). Whereas BP describes how many of the labeled superpixel bor-
ders are actually correct. BP is therefore described as a ratio between the amount of
TP boundary pixels and the amount of predicted boundary pixels, in other words,
the TP plus the false positives (FP). BR and BP is thus defined as:

TP(Bs, Be)
BE(Bs, Ba) = TP(Bg, Bg) :in(BS, Bg)’ (42)
BP(Bg, Bo) = TP(Bs, Be) ). (4.3)

TP(Bs, Bg) + FP(Bs, Bg)

A superpixel boundary pixel is determined to be true or false depending on if the
pixel can be matched to a ground truth boundary pixel. This matching is done
arbitrarily within a local neighborhood of size (2 + 1) x (2¢ + 1), meaning that, a
superpixel boundary pixel is labeled as a true positive if there exists a ground truth
boundary pixel within that area. e [55] is the radius of the area and is calculated
based on the image width w and height A as:

e = 0.0025 - Vw? + h?, (4.4)

The TP(Bg, Bg) are the number of ground truth boundary pixels for which there
also exist a boundary pixel in S within the threshold range. The T'P(S,G) are
obtained from

Ng

TP(BS, BG) = Z ]—jGN(i,e)(BGi X BS]) (45)

i=1
Where N represent the local neighborhood of the size (2¢ + 1) x (2e + 1) around
boundary pixel ¢. The function 1 is a binary operator that returns 1 if there exist
is a match between Bg; and Bg; in the neighborhood and 0 if not.

Since superpixels are over segmentations of the image there exists a lot of borders
within the ground truth semantic segmentations (a car might consist of 10 super-
pixels). Treating all of the inner borders as false positives would amount to a non
descriptive precision metric that would decrease with the amount of superpixels.
For this reason superpixel labels SL are introduced, SL are the result of merging
adjacent superpixels that have the same label. The original superpixels are labeled
as the ground truth segment of which they have the largest overlap with. This re-
moves all the inner borders between superpixels segmenting the same object. With
this F'P(Bgr, Bg) can be calculated as:

Nsrp

FP(Bsy, Ba) = Y (1= Ljentie)(BsLi x Bg)) (4.6)

i=1
F'N is the number of ground truth boundary pixels for which there does not exist
a boundary pixel in Bg within the threshold range. The sum of the T'P and F'N is
equal to the number of boundary pixels in the ground truth and is obtained by

TP(Bs, Bg) + FN(Bsy, Bg) = ZG (4.7)
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4.1.3 Implementation Details

During the evaluation of the different network architectures, the networks were
trained on the Cityscapes training dataset at half resolution. This was done as
there at lower resolution exists more semantic boundaries for the same patch size
(at full resolution a 200 by 200 pixels patch might only contain one car, if the image
is down sampled, the same patch could contain 4 cars). Superpixel sampling net-
works learns from semantic boundaries, as such this speeds up training. From these
images patches of 200 by 200 were taken at random, for each patch 100 superpixels
was generated. The chosen optimizer was the Adam optimizer [69] and the final
hyperparameters was a learning rate of 174 and a batch size of 4.

4.1.4 Evaluated Networks

To find the base network architecture that performs the best, a few different networks
were compared. These were: SSN (the default deep network structure from [4}), U-
Net [64], FCN [65], DeepLabv3 [70], and PAN [7]. These were all trained for 90
epochs before evaluating. Beyond these, a few other structures were also evaluated
for comparison: an untrained SSN (random weights), a pretrained SSN trained for
45000 epochs on the BSDS500 dataset [71] and a U-Net model trained for 200 epochs.
This was done to see the effects of varying amounts of training and the influence of
the data on the final performance. All models were evaluated for differing amounts
of superpixels generated on the Cityscapes validation dataset.

4.1.5 Results and Discussion

The different evaluation metrics for each of the base network structures can be seen
in Figure 4.1.

Achievable Segmentation Accuracy Boundary Recall Boundary Precision
@ Untrained SSN @ SSN Unet @ FCN @ Untrained SSN - @ SSN Unet @ FCN @ Untrained SSN @ SSN Unet @ FCN
@ Deeplabvi @ PAN 200e UNet @ DeepLabv3 @ PAN 200e UNet @ DeepLabvi @ PAN 200 UNet
@ 45000e BSDS @ 45000e BSDS @ 45000e BSDS
95.0% 97.0% 93.0%
915%

934% 90.4%

86.0%

80.5%

91.8% 87.8%
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Figure 4.1: Performance of the different base network structures in superpixel
sampling networks.

From the graphs it can be seen that FCN and DeepLabv3 perform the worst, only
achieving higher results the untrained SSN in BR. The BSDS500 trained network
performs worse than SSN in all metrics, despite having the same architecture and
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having been trained much longer. This shows that it is more important to train on
data similar to that of the evaluation than training for many epochs. Between U-
Net, PAN and SSN, it is harder to decide a best architecture, with the performance
varying between the three among the different measures.

When continuing training beyond 90 epochs, slight improvements are gained for the
ASA-score and marginal improvements for BR, however for the BP the improve-
ments are more substantial. As such 200e U-Net was chosen as a basis for the rest
of the project as this gives the best results for both ASA and and BR while still
performing competitively for BP.

Interestingly the untrained SSN performs the best for BP, this might be a result
of the more contoured edges of the other methods leading to a higher number of
superpixel boundary pixels. This can then yield a higher number of false positives
and true positives, decreasing the boundary recall and increasing boundary precision.
As such there appears to exist a trade off between precision and recall. Figure 4.2,
visualizes a few results of superpixels generated from Cityscapes.

U-Net 200e U-Net PAN SSN BSDS500 FCN

Figure 4.2: Visual results on Cityscapes data with 1000 superpixels.

4.1.6 Comparison With the State-of-the-art

The results are compared to SEAL-ERS [7] and SSN [4], as they, from what was
shown in the literature study represents the state-of-the-art within the superpixel
area and also evaluated on the Cityscapes dataset [1]. Only ASA-scores are com-
pared as [7] does not report BP and uses ¢ = 3 instead of utilizing Equation 4.4.
Jampani et al. [4] utilizes the evaluation methods from [55] which calculates ¢ ac-
cording to Equation 4.4. However, they do not report BR and BP as a function of
the number of superpixels, but instead presents BP as a function of BR. In this com-
parison they do not merge superpixels belonging to the same ground truth object,
meaning BP gets penalised for an increased number of superpixels. In this experi-
ment superpixels were merged when calculating BP, as we are interested in seeing
how superpixels can perform in an annotation task and are therefore not concerned
about borders that lies inside of objects.
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The ASA-scores achieved by the U-Net model trained for 200 epochs (150K itera-
tions) does not reach those performed by the original SSN [4], however it does reach
a higher ASA-score compared to SEAL-ERS [7] with a slight margin, see Table 4.1.
The large discrepancy to SSN can most likely be explained by the number of train-
ing iterations, as [4] presents SEAL-ERS results 3 percentage points higher than
the original paper [7]. That increase might be seen as a direct result of training
as [7] trains the network for 100K iterations, while [4] trains for 500K iterations.
Thus it is not unfeasible that U-Net SSN could match the performance of SSN [4]
or outperform it, given the same amount of training.

Table 4.1: Approximate ASA-scores compared to the state-of-the-art [4], [7].

Model ASA-score
U-Net SSN (Ours) 93.8%
SEAL-ERS [7] 93.5%
SSN [4] 96.8%

SEAL-ERS (as presented in [4]) 96.5%

4.2 Propagation Evaluation

To get an understanding of how well the propagation method performed it was
evaluated for different jumps of frames, meaning it the propagation was done for
in between frames of different spacing. This was done by calculating the Intersec-
tion over Union (IoU) between propagated superpixel annotations and ground truth
superpixel annotations.

4.2.1 Dataset

The dataset used for evaluating the propagation is Playing for Benchmarks [72].
The dataset consist of high-resolution sequential image frames obtained from the
video game Grand Theft Auto V. For all frames there also exists ground truths for
a variety of items such as optical flow, environmental conditions and semantic class
labels. The dataset was chosen as it has semantic class labels for every frame, thus
allowing for experimentation with different frame jumps.

4.2.2 Evaluation Metrics

To evaluate the propagation of superpixels, the metric IoU was used. As the propaga-
tion technique is built upon linking superpixels, the input must adhere to superpixel
boundaries and the output will always adhere to superpixel boundaries, as such the
input to the propagation is a superpixel ground truth. The superpixel ground truth
is created by labeling every superpixel as the class it has the highest intersect with,
see figure Figure 4.3. As the output always adheres to superpixel boundaries, simply
calculating the mIoU of the propagation with respect to the ground truth semantic
segmentation would be affected by the quality of the superpixels. It is desirable
to not have the propagation be impacted by the superpixels, as the propagation
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performance would then hold for any superpixel generation method used. Thus the
semantic ground truth for the propagation was also converted to a superpixel ground
truth segmentation, see Figure 4.4.

Ground truth segmentation

Y

Superpixel ground truth
segmentation

Superpixel segmentation

Figure 4.3: The creation of a superpixel ground truth.
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Figure 4.4: Evaluation of the propagation.

The mean intersection over union (mloU), also known as the Jaccard Index, is a
metric that measures the percentage of overlap between the predicted segmentation
and the ground truth (Here the superpixel ground truth is used instead). For each
class, the IoU is defined as the ratio of the true positives to the union between actual
positives and false positives. The mloU for multi-class segmentation is calculated
by computing the average over each class-wise IoU. The equation can be written as:

1 & TP,
mlolU = &2 Fp S Fp, £ PN,

c=

(4.8)

where C denotes the number of classes.

4.2.3 Implementation Details

Before evaluating the propagation, 1000 superpixels were generated on the sequenced
data by the 200 epoch U-Net SSN model. In order to evaluate the impact of the
gap in between frames on the performance of the propagation, the experiment was
conducted for frame jumps 10, 40 and 100 frames.
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4.2.4 Results and Discussion

The propagation was evaluated for three different frame jumps on the validation
dataset and the resulting performance can be seen in Table 4.2. Only classes with a
IoU of above 15% for 100 skipped frames are presented, as other classes are deemed
to perform too poorly to be considered actual propagation and not noise. The
skipped classes mostly consists of small objects such as humans, mailboxes or poles.

As can be seen in Table 4.2, there exists a relationship between the different frame
jumps and the accuracy of the propagation, with a shorter frame jump leading to
a higher IoU. The main decrease in performance when adjusted for the size of the
jump, appears to be among the lower frame jumps, with performance then flattening
out. However, there are too few data points to confirm this conclusion.

Table 4.2: The IoU for different classes compared to the superpixel ground truth
after propagating superpixel ground truth on the Playing for benchmarks dataset
[72].

ToU [%]
Frame Jump 10 40 100
Buildings 475 406 33.1
Sky 84.3 73.9 65.7
Greenery 329 223 16.8
Class Ground 415 273 19.2
Cars 85.1 65.6 57.6
Curbs & Sidewalks | 38.6 31.0 24.0
Road 79.9 61.9 53.8
Trucks 44.6 24.6 15.6

Intuitively, classes that appear often and usually are located in the same area of the
frame, such as cars, roads and sky, performs the best. This is most likely due to
as previously mentioned, they do not disappear and reappear or move much within
the frame.

4.3 Time Study

In order to evaluate different parts of the approach in an annotation environment, a
time study was conducted. A time study is an experiment where the operating time
for a specific task is measured. Time studies are often used to establish operating
times, evaluating different methods and finding improvements in methodology [73].
The persons participating in the study are qualified operators meaning that they
possess good skills in the specific task to be studied.
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4.3.1 Dataset and Classes

The dataset used for the study consisted of 10 images, with a jump of 100 frames
from Cityscapes demo videos. The spacing of 100 frames was chosen since small
jumps would be unrealistic in a real annotation workflow, as it often is desirable
to have more varied scenes, allowing a network trained on the data to generalise
better. From these images three classes were annotated: road, vehicles and humans.
Road was defined as all spaces in which cars are supposed to drive. The vehicle class
includes all vehicles that have four wheels or more: cars, vans, trucks and busses.
Motorcycles and bicycles were not included. The classes were selected due to the
simplicity of comprehending them as well as the variety in shape and size between
them. Road covers a big part of the frame and always occurs in the approximate
same place in the frame with the same color, making it a simple class. Humans are
more complex in shape, color, size and occurrence. By incorporating classes with
different appearance, biases in regards to shape, size and colour were minimized.

4.3.2 Evaluation Metrics

The evaluation metrics used in this experiment is time per frame and accuracy. The
accuracy is measured using the metric mloU with the annotations from a baseline
polygonal method as ground truths. The polygon method, described in 4.3.4, is a
commonly used method for creating semantic segmentation ground truths [1], [74],
[75]. This method also sets a baseline for the annotation time.

4.3.3 Experiment Details

The study had four participants. The operators works as annotators and therefore
hold knowledge about the annotation processes, annotation tools and classes. Since
it was not certain that all participants had the same experience, knowledge and
precision there might be varying results between the operators. This effect could
be offset by having multiple operators. Before starting the study, the operators got
to work with the new tool for one working day (8 hours), to learn and get familiar
with the new annotation process.

The proposed method was divided into three sub-methods: superpixel annotations,
superpixel annotations with propagation and superpixel annotations with manual
correction. The operators annotated images using all of these methods as well as a
freehand annotation method to set a baseline for quality and time.

To be able to compare the different methods, the same data was annotated in all
experiments. However, this might cause the image to be easier to annotate as the
annotator learns the traits of the image. To reduce this bias, the operators annotated
using the methods in different order, as can be seen in Figure 4.5.
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X X X
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Round 1
Round 2
Round 3
Round 4

Figure 4.5: Annotation setup using different annotators.

4.3.4 Annotation Methods

To get an understanding of how the different parts of the proposed method per-
forms, the method was divided into three sub-methods independent of each other.
A baseline method for freehand annotations was also studied so annotation quality
could be evaluated and annotations times could get put into context. The evaluated
methods were:

Freehand annotations (Polygons): To get a baseline that the developed meth-
ods could be compared to, a freehand manual method for annotation was measured.
The freehand method used was polygonal annotations, where each annotated object
is a polygon that the user creates by clicking along the edges of the object.

Superpixel annotations (Corrections disabled): The experiment to annotate
using only superpixels was performed to investigate how the superpixels alone had
an effect on the time and accuracy of the annotation. The annotation is realized
through marking superpixels as the class they should belong to. Since superpixels
do not always adhere to boundaries correctly, the operators were told to annotate
what they believed to be the best annotation.

Superpixel annotations with manual correction (Corrections enabled): As
there are cases where the generated superpixels do not adhere to semantic bound-
aries it is desirable to correct these errors. As such the full tool allows for corrections
of the superpixels. This method was evaluated by allowing the creation of new su-
perpixels where superpixel borders do not align with object borders.

Superpixel annotations with propagation (Propagation): This experiment
was performed to evaluate the impact of propagating superpixels in the annotation
process. The annotators were first prompted with a suggested superpixel annota-
tion, which they then corrected. The adding of superpixels was not enabled in this
step, therefore it could be directly compared to superpixel annotations.

4.3.5 Results and Discussion

The results of the time study can be seen in Table 4.3 and Table 4.4.
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Table 4.3: The mean time spent an- Table 4.4: The mloU with respect

notating one image. to the Polygon method.
Method Time [m] Method | mIoU [%]
Corrections Enabled 10.9 Corrections Enabled 98.6
Corrections Disabled 5.4 Corrections Disabled 97.3
Propagation 5.5 Propagation 96
Polygons 10.4

Comparing propagation and corrections disabled, it can be seen that there were no
improvements from automatically generating annotation suggestions. It can even be
seen that propagation performed the worst in mloU, see Table 4.4. This can most
likely be attributed to small border errors not getting found or being considered
'good enough" by the annotator. However, from the experiments on propagation it
could be seen that the performance varies greatly for different classes, see Table 4.2.
As such propagation might be useful, if only used for the higher performing classes.

With corrections disabled, an almost 50% reduction in annotation time over the
polygon method was achieved, while still reaching a mIoU of 97.3%. Even though
this is not good enough to call high quality annotations, it could still be a useful
tool for creating coarse annotations. Coarse annotations have proven to be a valid
technique for lowering the cost of annotated data by mixing in coarse annotations
when training neural networks as an alternative to data augmentation. This method
has been used by the top ten contenders on the Cityscapes benchmark [76]. Yuan
et. al [77] reports an improvement in mIoU of 1.4 percentage points when utilizing
the Cityscapes coarse annotations in addition to the fine annotations.

Intuitively, the polygon and corrections enabled methods took the longest, likely
due to the fact that they require more user interaction and results in higher qual-
ity annotations. The difference in average time between the two methods was not
substantial enough to determine a fastest method, see Table 4.3. Looking at the dis-
tributions of the annotation times, see Figure 4.6, it can be seen that there is a wider
spread for the polygon method, despite the annotators being more experienced with
this method. As the annotators are less experienced with the new method there
could still be room for improvement with further training.
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Figure 4.6: Histograms of the time per image for the different methods.

Looking at mIoU for corrections enabled, see Table 4.4, it is not 100%, meaning that
the annotations differed from the polygon method. However, visually inspecting the
annotations showed that the quality of the the annotations did not not differ, instead
the mloU could be explained by slight inconsistencies in the different annotations
for the same image.

4.3.6 Error Sources and User Experience

After the study was completed, a discussion with the annotators was held to find
out their experience of the using the new tool. A main point that was brought
up, was the way superpixels is selected. The method of holding down left-click and
circling to select multiple superpixels was seen as challenging. This was due to the
fact panning the image was hindered during this operation, resulting in the operator
having to select bigger areas in sections. The users mentioned that they would have
preferred a method more similar to the polygon method when selecting superpixels.

During the discussion, it also came forward that all methods had not been used

as intended. Specifically in the Corrections enabled method, the annotators peri-
odically used the correction tool for more than what was intended. The tool was
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sometimes used to mark entire objects as new superpixels instead of only correcting
the incorrect superpixels. This was said to be because it sometimes felt easier than
doing the correct selection due to the aforementioned panning issue.

The experiment was carried out remotely as a result of the global pandemic. Working
remotely caused a few issues and complications, the main ones being: communica-
tion with- and oversight of- the participants. The communication issues resulted in
challenges with helping the participants when they struggled with a task or came
across issues with the program. This was due to the fact that it was hard to grasp
what the actual problem was when it could not be observed in person. When the
problem or challenge was understood, further difficulties were communicating the
solution to the operator as it could not quickly or easily be demonstrated.

The oversight issue showed itself in the discussions with the users after the study.
The problems brought up were problems that could have been caught during the
practicing stage of the study and fixed by giving more specific information on how
the correction tool should be used. The method for selecting multiple superpixels
could also have been updated to select superpixels more similar to how polygons
work.
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Conclusions and Future Work

The main goal of the thesis was to investigate how superpixels and video mask prop-
agation could mesh with the annotation workflow to lower the user interaction time
per image. A second goal was to investigate which type of video mask propagation
could be most useful when used in the annotation process.

We developed a new tool that utilizes superpixels and propagation, allowing the
user to select multiple superpixels as annotations and also add corrections so that
the same level of quality as with polygon annotations can be achieved. The new
tool offers a trade-off between quality and annotation time by switching the usage
of the correction function. This allows for a higher throughput of images at the cost
of annotation quality. A proprietary propagation technique was developed, linking
superpixels in between images offline, enabling annotations to quickly be transferred
at runtime.

The results of the time study should be interpreted with caution, as problems in
the study have caused uncertainty in the results. Especially for the add corrections
method, were the tool was not used as intended. Future work should as such focus
more on the tool itself, developing it more iteratively with supervised trial runs, and
better usage guidelines. Thus, faults could be found and better interaction methods
with the superpixels developed. Based on that, a new time study should be con-
ducted.

Further, the value of the lower quality annotations, obtained by only annotating with
superpixels should be investigated. Hence, a better understanding can be achieved
of how much value they add for training networks used for semantic segmentation in
relation to the time it takes to create them. This would also need to be compared to
the performance gained if instead the same time was spent annotating at full quality.
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A

Annotation tool

A few images describing the functionality of the annotation tool can be seen below,
all of the images shown in the tool are taken from the Cityscapes dataset [1].

Image: stuttgart_00/stuttgart_00_000000_000001_leftimg8bit

Inverted Zoom

Add Corrections

Brightness

Veichle

Person

Figure A.1: Overview of the proposed annotation tool.



A. Annotation tool

.

Figure A.2: The process of selecting multiple superpixels as an annotation. Here
the user is left-clicking and dragging the mouse to select superpixels under the drawn
path.

Figure A.3: The process of selecting superpixels within an area as an annotation.
Here the user is left-clicking and dragging the mouse to encircle the superpixels to
be selected.
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A. Annotation tool

Figure A.4: The process of deselecting multiple superpixels as an annotation. Here
the user is right-clicking and dragging the mouse to deselect superpixels under the
drawn path.

Figure A.5: The process of deselecting superpixels within an area. Here the user
is right-clicking and dragging the mouse to encircle the superpixels to be deselected.
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A. Annotation tool

Figure A.6: The process of adding new superpixels to correct areas where the
superpixel performance is not satisfactory. Here the user is left-clicking several times
to create each corner of a polygon, the polygon is then finalised by a right-click which
adds the polygon as a new superpixel.
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