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ABSTRACT

Segmenting image into multiple meaningful regions is an essential task in Computer

Vision. Deep Learning has been highly successful for segmentation, benefiting from

the availability of the annotated datasets and deep neural network architectures.

However, depth-based hand segmentation, an important application area of semantic

segmentation, has yet to benefit from rich and large datasets. In addition, while deep

methods provide robust solutions, they are often not efficient enough for low-powered

devices. In this thesis, we focus on these two problems. To tackle the problem of lack

of rich data, we propose an automatic method for generating high-quality annotations

and introduce a large scale hand segmentation dataset. By exploiting the visual cues

given by an RGBD sensor and a pair of colored gloves, we automatically generate

dense annotations for two-hand segmentation. Our automatic annotation method

lowers the cost/complexity of creating high-quality datasets and makes it easy to

expand the dataset in the future. To reduce the computational requirement and allow

real-time segmentation on low power devices, we propose a new representation and

architecture for deep networks that predict segmentation maps based on Voronoi

Diagrams. Voronoi Diagrams split space into discrete regions based on proximity to a

set of points making them a powerful representation of regions, which we can then

use to represent our segmentation outcomes. Specifically, we propose to estimate the

location and class for these sets of points, which are then rasterized into an image.

Notably, we use a differentiable definition of the Voronoi Diagram based on the softmax

operator, enabling its use as a decoder layer in an end-to-end trainable network. As
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rasterization can take place at any given resolution, our method especially excels at

rendering high-resolution segmentation maps, given a low-resolution image. We believe

that our new HandSeg dataset will open new frontiers in Hand Segmentation research,

and our cost-effective automatic annotation pipeline can benefit other relevant labeling

tasks. Our newly proposed segmentation network enables high-quality segmentation

representations that are not practically possible on low power devices using existing

approaches.
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Chapter 1

Introduction

Semantic segmentation is a critical task in Computer Vision, where we assign a label

for every pixel in the input image, and this label represents the category of the object

to which the pixel belongs to. It is one of the high-level tasks of computer vision,

which gives a complete understanding of a given scene [23]. Scene understanding has

become very important due to its emerging applications in the fields of Autonomous

Driving [18], Virtual Reality [91], image search engines [83] and Human-Computer

Interaction [57]. In the past, this problem was tackled using traditional Computer

Vision and Machine Learning techniques [59, 54, 16, 51, 33, 8, 62, 77, 49]. However,

the recent success of Deep Learning techniques for Computer Vision shows that deep

neural networks outperform traditional methods in the task of semantic segmentation

with higher accuracy and efficiency. The success of deep learning is much due to the

availability of high computational power, annotated datasets, and the deep neural

network architectures to solve different tasks. Therefore, having rich large scale

labeled datasets and developing efficient deep neural network architectures have been

an ongoing endeavour since the introduction of Deep Learning [45, 15, 38, 26, 42].

In this thesis, we focus mainly on two contributions regarding the task of semantic

segmentation. In the first part of the thesis, we discuss automating the process of

creating large-scale datasets for depth-based hand segmentation dataset and propose

a method to annotate automatically with reduced human effort. In the second part,

we focus on a novel deep neural network architecture for semantic segmentation on

resource constraint devices using Voronoi Diagrams.
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1.1 Automating the creation of the hands dataset

Hand gestures are a natural way for humans to interact with the surrounding envi-

ronment, and as such, many researchers have focused on obtaining accurate hand

poses [17, 78]. Recently, as depth cameras have become more accurate and afford-

able [34, 21], significant progress has been achieved towards this objective [79, 57, 76].

In many cases, the first step in obtaining certain hands poses is to find where the

hand is in the image, preferably as accurately and robustly as possible. In hand

segmentation, the detection happens at pixel-level accuracy.

Several heuristic approaches for simplifying the task of hand segmentation have

been proposed [57, 79, 72]. Such methods are suitable for small laboratory experiments

but do not have the requisite robustness to operate in the full range of real-world

interactions. One could learn a hand segmenter from a dataset of annotated depth

images. However, as we will show, the limited size and quality of the datasets, which

are currently available result in segmenters that typically overfit to the training data,

and do not generalize well to the scenarios not seen during training. Due to the small

size of available datasets, the application of real-time hand segmentation has received

less attention from deep learning.

Therefore, a central goal is to capture a significantly large dataset loaded with

annotations of superior quality ground truth. To accomplish this, we suggest an

automated procedure for creating high-quality hand segmentation annotations from

depth data per pixel, and implementing a large-scale dataset that we collected and

annotated using the method proposed. As shown in Figure 1.1, our data capture

setup consists of an RGBD camera and a colored gloves pair. We obtain this dataset

from multiple users, and each user wears the gloves and perform hand motions before

the camera. To generate annotations with superior quality ground truth, we then

use the color and depth channels of the images from the camera feed with minimal

intervention of an annotator.

Note that the only additional equipment necessary for data acquisition is a colored

gloves pair, compared to the sophisticated setups used for hand capture (magnetic

sensors [90] or optical IR markers [25]). Moreover, the quality of the dataset is much

better than the ones that use motion capture sensors, as these methods require an addi-

tional heuristics to generate pixel-wise annotations for training a hand segmenter [86].

To the best of our knowledge, our dataset is the only one that provides both qual-
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Figure 1.1: Proposed data capture and automatic annotation framework. (Left) Our
dataset is constructed by recording a user performing hand movements wearing a pair
of brightly colored gloves in front of a depth camera. To the best of our knowledge,
our dataset is the first two-hand dataset for hand segmentation. (Middle) The use
of tight colored gloves provide a quasi non-invasive automatic annotation system,
as the signal-to-noise ratio of a conventional depth sensor is not sufficiently high to
distinguish between gloved and bare hands. (Right) Color images that are aligned
with the depth images are exploited to compute ground truth labels without user
intervention. We then quickly filter out the few wrongly labeled images through human
inspection. We can subsequently use these input-label pairs to train a depth-based
semantic segmenter.

ity and quantity of higher magnitude (see Table 1.1). We also provide an in-depth

analysis of the effect of using our dataset on multiple neural network architectures for

hand segmentation, as well as traditional Random Forests due to their computational

efficiency. We empirically find that using strided [transposed-]convolutions in place

of [un]pooling layers, and the use of skip-connections is essential for achieving high

accuracy. This further enables efficient forward-passes within ≈ 5ms on an NVIDIA

Geforce GTX1080 Ti, making our approach suitable for real-time applications. We

discuss our dataset and automatic annotation pipeline in more detail in Chapter 3.

1.2 Voronoi Diagrams as segmentation representa-

tions

It is ubiquitous to solve the problem of semantic segmentation on a pixel-by-pixel

basis. In pixel-based segmentation, the classification is done at the pixel level. For

each pixel in the input image, a label is predicted. Some methods [55, 66, 4, 43, 13]
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Table 1.1: Existing and proposed datasets for exocentric hand segmentation from
depth imagery. Our dataset is the only real dataset that distinguishes the two hands.
Furthermore, our capture setup does not require expensive sensors as in the other two
real datasets; see text for more details.

Dataset Annotations #Frames #Subj Hand Sensor Type Resolution

Freiburg [96] synthetic 43,986 20 left/right Unreal Engine 320 × 320
NYU [81] automatic 6,736 2 left Kinect v1 640 × 480
HandNet [86] heuristic 212,928 10 left RealSense SR300 320 × 240

Proposed automatic 210,000 13 left/right RealSense SR300 640 × 480

predict the label map at the input resolution. In contrast, other methods [45, 94, 91]

predicts the label map at a smaller resolution and then upsample the output with a

bilinear upsampler to get the output at the desired input resolution. If the input is a

high-resolution image, predicting each pixel is very inefficient, particularly for semantic

segmentation task, where the pixels belonging to the same object share the same

labels. Moreover, making predictions on deep neural networks require a lot of resources

for high-resolution inputs making the current methods [45, 55, 66, 4, 94, 43, 91, 13]

inefficient for semantic segmentation on low power devices. We approach this problem

in a novel way with the help of Voronoi Diagrams.

Voronoi Diagrams partitions the entire space into discrete regions based on a set

of points. Based on this definition of the Voronoi Diagram, they are a very natural

way to represent the segmentation label map, which is also an image divided into

regions based on object categories. We therefore use Voronoi Diagrams to generate

semantic labels. Specifically, we propose a Neural Network module which we call the

Voronoi Decoder. We use a differentiable definition of a Voronoi Diagram based on the

softmax operator and use it as a module in an end-to-end trainable network. In other

words, we form an end-to-end trainable encoder-decoder network, where an encoder

estimates the location and class for a set of points, and the Voronoi Decoder, which

acts as a decoder layer, rasterizes an image from the encoder information.

Our method brings multiple benefits. The proposed Voronoi Decoder module is

simple and can be used on top of any popular semantic segmentation networks to

render a segmentation label map. In a traditional semantic segmentation problem, one

estimates the label pixels for every pixel in the input image. However, in our case, we
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Figure 1.2: Proposed voronoi based network architecture. Our network can produce
a high resolution map 256× 512 given a small resolution input 32× 64.

estimate the location and class information of those points. As rasterization can take

place at any given resolution, our method especially excels at rendering high-resolution

segmentation maps, given a low-resolution image as shown in Figure 1.2. Therefore, it

reduces the computational requirements for obtaining high-resolution segmentation

maps significantly. This helps to produce segmentation in real-time on low power

devices. We evaluate our method on Cityscapes dataset [14] and compare our method

with OCNET [91], one of the best semantic segmentation network. We show that our

results are better than OCNET, both qualitatively and quantitatively. We will discuss

our method in more detail in Chapter 4.

1.3 Key contributions

In summary, the following are the main contributions in this thesis:

• Hand Segmentation Dataset: To support the research of depth-based hand

segmentation, we introduce a large scale hands dataset with separate anno-

tations for both the hands. Our dataset is the first-ever dual hand dataset

rich in quantity as well as quality. We even evaluated our dataset on multiple

segmentation networks and proposed to use a lightweight network for real-time

hand segmentation. We also open-sourced our dataset to support the research

of hand segmentation.

• Automatic labeling method: To ease the process of dataset creation for

depth-based hand segmentation, we introduce a method to label the dataset

automatically, and create a large scale dataset.
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• Novel method for real-time segmentation on low power devices: To

solve real-time semantic segmentation on resource constraint devices, we propose

a new deep neural network architecture based on Voronoi Diagrams. This method

suits well for resource-constrained environments and can produce high-resolution

segmentation maps given a low-resolution input.

1.4 Overview

The rest of this thesis document is as follows:

Chapter 1 gives a brief introduction about the datasets for hand segmentation and

algorithms for semantic segmentation.

Chapter 2 gives a brief overview of the related work on the datasets of hand seg-

mentation and the procedure for generating those datasets. We also discuss the

existing methods for semantic segmentation and introduce literature related to

Voronoi Diagrams.

Chapter 3 briefly describes our method to annotate the hand segmentation dataset

automatically. We will report the performance of different semantic segmentation

networks and compare them with our proposed network for hand segmentation.

Chapter 4 discusses our new method for real-time semantic segmentation. We train

and evaluate our new model on the Cityscapes dataset and report the results.

We even show how our method can work for image generation task.

Chapter 5 provides some final remarks.
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Chapter 2

Related Work

2.1 Semantic Segmentation

Recent advances in deep learning methods, particularly convolutional neural networks

(CNN), demonstrated that they could be applied to solve the problem of semantic

segmentation of objects and scenes can be successfully, and the current state-of-the-art

model employs CNN. Long et al. [46] proposed Fully Convolutional Neural Networks

(FCNN) for semantic segmentation, where an input of arbitrary size is encoded into

a low dimensional latent space using FCNNs and then decoded to original size with

bilinear upsampling. Here, they perform segmentation by classifying every local region

in the image as a coarse label map from the network, and a simple deconvolution

is employed using bilinear upsampling for pixel-level labeling. Due to the fixed size

receptive field, the system can work only to a single semantic scale within the image,

and if the object in the picture is larger or smaller than the receptive field, then it can

be mislabelled. As an extension to this work, Noh et al. [56] employed the Encoder-

Decoder strategy and named as DeconvNet, where the model learns to encode the input

image to lower dimension embeddings using FCNNs and decodes to the original size

using a learned deconvolution network, which comprises deconvolution and un-pooling

layers. The model predicts pixel-wise class labels and thus predict segmentation masks.

DeconvNet [56] is a large model with many parameters, mainly due to the use of two

fully connected layers between Encoder and Decoder, and so, it is inefficient to train.

SegNet [2] consists of an encoder-decoder network followed by a pixel-wise classification

layer. In FCNN, DeconvNet, SegNet, the Encoder consists of a series of convolutions
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and max-pooling operations. As opposed to FCNN, DeconvNet and SegNet use a

learnt decoder for generating segmented masks. Both DecovNet and SegNet employs

an un-pooling operation that inverts the max-pooling in the Encoder and upsamples

the feature maps via memorized max-pooling indices in the corresponding encoder

layer. UNet [67] is also an encoder-decoder network with additional skip connections,

which carry intermediate feature representations from encoder layers to the decoder

layers. Due to the skip connections, it provides additional information from Encoder

to the Decoder, which helps to outperform FCNN, DeconvNet, and SegNet. Our

network for hand segmentation is based on this UNet architecture.

Most of the recent works on semantic segmentation address the issues, where the

output feature maps resolution of the model is smaller than input resolution [91].

Researchers in OCNet[91], PSPNet[94], DeepLabV3[13] use Dilated Convolutions

to solve this problem. However, still, the output feature maps size is not equal to

the input size. OCNet employs a bilinear upsampler to produce the final output

segmentation map. As the bilinear upsampler approximates the pixels while going

from lower resolution to higher resolution, the boundaries of the segmentation may

not be sharp and reduces the segmentation performance. Our work suggests replacing

the bilinear upsampler with a Voronoi Decoder, which can rasterize the image at any

resolution without any issue with the boundaries.

In the following sections, we discuss existing research methods, datasets, and

deep neural architectures for one of the areas of computer vision, depth-based hand

segmentation, and discuss the new deep networks for semantic segmentation. Then we

discuss Voronoi Diagrams, which is the basis of our new architecture representation.

2.2 Hand Segmentation

In this section, we discuss the research methods, datasets, and techniques researchers

employ to solve the problem of hand segmentation.

2.2.1 Different Approaches to Hand Segmentation

The impressive work of Oikonomidis et al. [58], uses a 3D hand model and performs

hand tracking using Particle Swarm Optimization. They approached the problem

using skin color segmentation and also assumes that the user wears long sleeves shirt
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with only the hand, which exposes in the image. Romero et al. [65] segments hands

in HSV space by thresholding skin color. Tzionas et al. use Gaussian mixture models

for segmentation based on skin color [82]. In [85], Wang et al. use the color histogram

of the first frame in modeling a probabilistic method for segmenting hands. But, these

skin color-based segmentation models cannot work in environments involving objects

in skin color, other body parts, different skin tones, and different lighting conditions.

So using a color glove is a better alternative [84].

In [48], Melax et al. uses dynamics simulation of a 3D hand model for hand

tracking and assumes that a camera can track everything which lies within its field of

view by making use of short-range depth sensors. Whereas, in [57], Oberweger et al.

require only hand to be present in the frame, and it should be close to the camera.

Several depth map based methods [64, 31, 32], use a black wristband to segment hands.

In [79], Tagliasacchi et al. uses a colored wristband, measure the region of interest

as point cloud sets attached to the wrist. In contrast, [72] uses a wrist position of a

full-body tracker to identify the region of interest. Using a wristband is inconvenient,

although it makes the problem simple and effective. Furthermore, since these methods

use connected components for segmentation purposes, they cannot segment hands

interacting with objects. So, all these methods come with some inherent assumptions

and do not work if the premise fails.

2.2.2 Datasets for Hand Segmentation

As datasets play a vital role in any Computer Vision task, there are some valuable

datasets contributed by the research community for hand segmentation task. Some

researchers [9, 5, 19, 50, 96] provided color image-based datasets, where the input is a

color image. Buehler et al. and Bambachet al. [9, 5] provided pixel-level manually

annotated ground truth for respectively ≈ 500 and ≈ 15k color images. Annotating

segmentation masks manually from color images is extremely labor-intensive, which

makes it even difficult to collect large-scale datasets. Some methods [81, 96, 75, 90]

used this approach to create a depth-based hand datasets. The dataset size of [81] is

only ≈ 7k. Zimmermann et al. [96] dataset is synthetic, and its size is ≈ 44k, which is

less to train deep neural networks. Moreover, as the dataset is synthetic, the trained

models on this data may not generalize well to the real data [71, 29, 97].
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2.2.3 Neural network architectures for Hand Segmentation

Learned encoder-decoder architectures have been shown to perform well on semantic

segmentation [93, 41, 61, 60], but when fast inference time is essential, random

forests are an excellent alternative due to their easy parallelization [37, 73]. In

human pose estimation applications, Shotton et al. [74] inferred body part labels via

random forests, which was later adopted for hand localization from depth images

by Tompson et al. [81], and color images by Zimmermann and Brox [96]. Recently,

[80] employed a convolutional neural network to estimate two-hand segmentation

masks for hand tracking. In multi-view setups, effective segmentation provides a

strong cue for effective tracking [44], and the two tasks can even be coupled into a

single optimization problem [35]. Predicted segmentation masks can be noisy and/or

coarse, and post-processing is typically employed to remove outliers by regularizing

the segmentation [12]. A recent approach by Kolkin et al. [36] accounts for the severity

of mis-labeling by a loss encoding their spatial distribution, but this method has

yet to be generalized to a multi-label classification scenario like ours. Relevant to

our hand segmentation work is also the recent R-CNN series of works, of which the

instance segmentation work by He et al. [27] represents the latest installment. While

combining bounding box localization with dense segmentation could be effective, it

is however unclear to which extent such networks could be adapted to demanding

real-time applications such as hand tracking.

2.3 Recent Networks for Semantic Segmentation

2.3.1 Topology Maintained Structure Encoding

In mathematics, Topology is the analysis of the properties that are retained by surface

deformations, twists, and stretches. It is important to preserve the boundaries and

global contours of the objects while we perform segmentation. A key part of designing

a neural network for semantic segmentation is its encoder. As mentioned in 2.1,

Encoder-Decoder networks are popular for solving semantic segmentation networks.

Convolutional neural networks are the commonly used Encoder networks that do a

great job of extracting high-level information. Still, they mostly fail to maintain the

topological properties in the image like connection structures and global contours [22].

Fang et al. [22] proposes a Voronoi Diagram Encoder, which improves the extraction
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Figure 2.1: This image is taken from Fang et al.[22] In the first col (a), the initial state
of Voronoi edges is presented by yellow lines; then the authors detect potential edges
of the input image and fit Voronoi edges to boundaries (b); used a labeling algorithm
is proposed to merge the cells in the same object(hole) and remove redundant edges
(c).

of topological properties in a Convolution neural network and is based on a convex

set distance. They used this encoder for image generation tasks using Generative

Adversarial Neural networks [24]. The results in the paper are compelling and show

the capability of Voronoi Diagrams in maintaining the structures of objects. An

example result form the paper is shown in Figure 2.1. However, Voronoi based encoder

networks are to be tested on other computer vision tasks like image segmentation,

where object boundaries play a key role in the success of the algorithm.

2.3.2 Context based Networks

Context

Context plays a vital role in many computer vision tasks. It helps to understand more

about the input scene. It exists in various forms like geometric context, scene context,

3D context, and is chosen according to the problem one deals with. For semantic

segmentation, context is a set of pixels belonging to the same class-label. Recent

works PSPNet [94], OCNet, ParseNet [43] uses context and it plays an important role

for these networks. Here we detail more about the Object Context Module used in
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OCNet and our network.

Object Context Module

Object context is a set of pixels belonging to the same class-label. An object context

module helps to cluster the pixels belonging to the same object category by using

representations of pixels. The success of the OCNet network in giving a state-of-the-art

performance in semantic segmentation task is due to the object context module. The

module consists of two stages, namely object context estimation and object context

aggregation.

Object context estimation. In this stage, each pixel p in the object is represented

in a vector form xp and similar pixels are extracted by correlating a pixel with every

other pixel. Object context map wp is inspired from self-attention [92] and is defined

as follows in [91]:

wpi =
e(fq(xp)>fk(xi))∑W×H

i=1 e(fq(xp)>fk(xi))
, (2.1)

here xp and xi are the representation vectors of the pixels p and i respectively.

The representation vector x ∈ RC×N , where C is the number of channels and

N is the number of feature locations. f(·) is a transformation function applied

to representation vectors. fq(·) is the query transform function and fk(·) is the

key transform function, which are used to calculate the attention as in [92], where

fq(x) = Wqx,fk(x) = Wkx. Wq ∈ RC̄×C , Wk ∈ RC̄×C are the learned weight

matrices, which are implemented as 1×1 convolutions. The query and key transform

functions project the representation vectors into the common space. As we don’t know

the ideal transform function, we let the network learn the function during training.

The equation 2.1 is a Softmax function, W and H are the width and height of the

input feature map for the object context module.

Object context aggregation. The object context of a pixel p is then constructed

by combing weighted representations of all other pixels and is defined as follows:

cp =
W×H∑
i=1

wpiφ(xi) , (2.2)

Here φ(·) is the value transform function and φ(x) = Whx. Wh ∈ RC̄×C is a learned
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weight matrix, which is implemented as 1× 1 convolutions. φ(·) provides the weight

to the pixels based on the similarity factor of pixel i with pixel p. wpi is the object

context map defined in the equation 2.1.

2.4 Auto Encoders

Auto encoders [39, 70, 28] are a family of neural networks that try to reproduce the

input. It follows an Encoder-Decoder network architecture. The Encoder E takes an

input image In to produce a latent representation (lambda), which is further passed

to a Decoder D to reproduce the input In. And then, the entire network is trained

through back propagation algorithm by minimizing the following reconstruction loss.

Lrec =
∑
n

E [‖In − (D (E (In)))‖2] , (2.3)

where In is the input and ground truth image. E is the Expectation and ‖.‖2 is the

L2 (Mean Square Error) loss.

Generally, E and D are feed-forward networks. Auto Encoders are also used in

Dimensionality reduction as the network E represents the entire input with the latent

representation.

2.5 Voronoi Diagrams

As defined in [10], a Voronoi Diagram is the partition of a plane X into n different

regions, and each region contains a generator. The generator within the region is the

nearest generator for any given point within the region. As an example, we can see in

Figure 2.2, the plane is divided into 8 Voronoi regions, and each contains a Voronoi

generator. The Voronoi generator is represented by Pi, where i is the index of the ith

region and i ∈ [1, 8]. V (Pi) represents the Voronoi Region, that contains every point

closest to Pi. The Voronoi region, V (Pk), associated with the site Pk is the set of all

points in X whose distance to Pk is not greater than their distance to the other sites

Pj, where j is any index different from k. A Voronoi Edge separates any two Voronoi

Generators at exactly halfway, and a Voronoi vertex is the intersection of Voronoi

Edges.
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Figure 2.2: Decoding Voronoi Diagram: [10]

2.5.1 Approximating Functions on an image with Restricted

Voronoi Diagrams

Nivoliers et al. [53] introduces a method to compute an approximation function of

a 3D mesh/image by dividing the mesh/image into different regions/samples, which

is a Voronoi Diagram and then optimize both the positions of the samples and the

associated approximation values. Here the optimization is done on a single image/mesh

basis, which is a significant limitation.

2.5.2 Voronoi based geometric approach for Classification

Polianskii et al. [63] introduces an optimization free geometric approach to the

classification problem using Voronoi Diagrams. As Voronoi cell decompositions can

be used for the classification task, this method provides additional information about

the Voronoi cell boundaries, which is generally omitted in performing classification

using Voronoi Cells due to the heavy computation involved in computing Voronoi
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diagrams. The authors propose a Monte-Carlo integration-based approach, which

computes a weighted integral over the boundaries of Voronoi cells and thus requires

less computation than before. This additional geometric information helps to improve

the classification performance.

2.5.3 Voronoi based Image Descriptor

The authors in [11] proposed new image descriptors using Voronoi Diagrams termed as

Voronoi-based vector of locally aggregated descriptors (VLAD) for the region of interest

(RoI) image retrieval. To retrieve an RoI of an image, in addition to the content-based

descriptor, the authors propose to use a Voronoi based spatial partitioning for each

image in the dataset. This addition makes their method to be descriptor agnostic and

gives a competitive performance to the current best practices to solve this task.

2.5.4 Voronoi Diagrams for resampling 3D mesh

Alliez et al. [1] use centroidal Voronoi Diagrams, where the Voronoi generators are

present at the centroid of Voronoi regions, for remeshing of triangulated surface mesh.

Triangle mesh is the most commonly used 3D geometrical data structure in Computer

Graphics to model any object. The modeling of an object is done by a uniform

sampling of the given object. But, some of the parts of the object are undersampled

or oversampled due to the uneven surfaces. So, resampling of the object is done for

better modeling of the object. The authors use the initial sampling to form a weighted

Voronoi diagram to create a perfect mesh.
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Chapter 3

An Automatically Labeled Dataset

for Hand Segmentation from

Depth Images

In this chapter, we explain our approach for generating premium quality annotations

automatically for depth-based hand segmentation, and introduce our large scale hand

segmentation dataset. The following chapter is adapted from our published work [7].

We first discuss the data acquisition process and then explain our automatic

annotation method for generating labels in Section 3.1. We then discuss various

machine learning models that were applied for solving the problem of segmentation in

Section 3.2.1. We next present evaluation of those models on our generated and other

publicly available hand segmentation datasets in Section 3.2.2.

3.1 Data acquisition and automatic annotation

For scalable annotation with minimal human interaction, we rely on the synchronized

color/depth input of an RGBD device, and a pair of skin-tight brightly colored gloves.

As shown in 1.1(middle), this allows a (quasi) non-invasive and cost effective setup,

where we can automatically determine ground-truth labels at pixel level. As the gloves

fit the user’s hand tightly, minimal geometric aberration to the depth map occurs,

while the consistent color of the glove can be used to extract the hand ROI via color

segmentation. After an initial color calibration session, we ask the user to perform
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Figure 3.1: Our automatic annotation pipeline. (Bottom) input images, the output
of each segmentation step. (Top) Zoom in to highlight segmentation accuracy. We
employ the color image to create ground truth annotations for depth. We first segment
the color image via HSV thresholding, then perform GrabCut [69] to obtain better
segmentation. We finally train a per-image linear support vector machine (SVM) with
RGB, HSV, XYZ, Lab color spaces, as well as image coordinates as input cues to
further refine the annotation. Note how the segmentation becomes more accurate as
each step is performed. Through this three-stage process we are able to obtain highly
accurate ground-truth annotations without manual annotations. See text for details.

a few motions similar to [47], and record sequences of (depth,color) image pairs

at a constant 48Hz rate with an Intel RealSense SR300. The users have performed

different poses for different hands and even provided some complex cases, where fingers

of both hands are overlapping each other. We further move the camera during the

capture process to enrich the dataset with various viewpoints. We then execute a

color segmentation to generate masks with a very small false positive rate; we finally

quickly discard contiguous frames containing erroneous labels via manual inspection

of video – this task is significantly simpler than manually labeling individual images.

In our process we roughly drop 10% of the automatically labeled images, selected

conservatively to avoid any wrong label in the dataset. The final HandSeg dataset

consists of 210,000 frames collected from 13 users. The dataset contains annotations

for both left and right hands, and each frame is of 640 × 480 resolution.

3.1.1 Automatic label generation

As illustrated in Figure 3.1, we perform color segmentation through a three-stage

procedure. The quality of the labeling is enhanced at each stage of the pipeline.
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Initial color segmentation. We first perform color space thresholding to obtain

a rough segmentation Sr and Sl of the two hands, where r and l denote right and

left hands respectively. We will denote both Sr and Sl together as S∗. Specifically,

to obtain S∗, we threshold on the HSV color space after smoothing the input image

with a Gaussian kernel (with standard deviation σ = 30 ) to remove noise. The

threshold values we use for our experiments are minimum and maximum values of

[3, 160, 100]–[15, 255, 255] for left hand, and [28, 35, 100]–[70, 200, 255] for right hand,

where [H, S, V] denotes the HSV values and H ∈ [0, 180] while S, V ∈ [0, 255].

Refinement through GrabCut [69]. As the initial segmentation is coarse due to

the initial Gaussian filtering, we further apply GrabCut [69], followed by a linear

support vector machine (SVM) classifier [20] to get a more fine-grained segmentation

map; see Figure 3.1. We determine the seed points for GrabCut by first finding the

bounding boxes R∗ for each hand, and then using all points of S∗ that are inside R∗;

to be robust to noise, we enlarge R∗ by 10 percent. At this stage, some of the labels

are still inaccurate, especially near the boundaries of the hands.

Refinement through linear SVM [20]. To further enhance the labels, we exploit

the high distinctiveness of the glove’s color, and train a linear SVM classifier per

image with a large enough margin, and use the positives that are classified as positives

during training as ground-truth labels. Note that this classifier is simply a per-

image refinement process that automatically sets-up the per-image thresholds for a

simple colour-based thresholding system, based on the GrabCut results. For robust

performance we use RGB, HSV, XYZ and Lab color values as well as image coordinates

as cues to linear SVM. We also empirically set the hyper-parameter C = 900 (margin

strength).

3.2 Experiments

3.2.1 Learning to segment hands

Similar to [47, 7], we used the Random Forests, Fully Convolutional Neural Network,

DeconvNet, SegNet architectures to evaluate our dataset. Our architectures are shown

in the Figure 3.2.

HandSeg network architecture. Our architecture is a U-Net like structure that
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Figure 3.2: Semantic segmentation CNN architectures. Image taken from [47, 6]

containing an encoder, decoder and skip connections from intermediate layers of

encoder to decoder, which help to improve the sharpness in the predictions. Pooling

layers are helpful in classification tasks but destroy the spatial structure which is

important for the segmentation task. Thus, the max-pooling/unpooling layers in the

encoder/network layer are replaced with stride-2 convolution/deconvolution layers.

3.2.2 Evaluation

We quantitatively evaluate our dataset with various methods from three different

angles. In Section 3.2.4, we evaluate how different methods perform on our data in
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Table 3.1: Runtime of each segmentation method. Ours is the fastest to train and
test amongst compared deep architectures.

Random Forests FCN DeconvNet SegNet Proposed

Train time 3h 149h 57h 83h 29h
Test time 1ms 41ms 16ms 30ms 5ms

terms of mean Intersection over Union (mIoU), as well as their runtime both during

training and testing. In Section 3.2.5, we show the generalization capabilities of several

datasets, including ours. In all our experiments, the dataset was split randomly in a

8:1:1 ratio to form train, validation, and test sets.

3.2.3 Evaluation metrics

In our multi-label classification problem, each pixel can be classified as {left, right,

background}. Within each class, we can have true-positives (TP), false-positives (FP)

and false-negatives (FN). Given such a categorization, we use the Intersection over

Union, defined as IoU = |TP | / (|TP |+ |FP |+ |FN |), for quantitative evaluation. As

in [95], to aggregate results for multiple classes, we use the class-wise average among

classes, that is, mean IoU (mIoU). This is to account for the imbalance in the number

of pixels for each class. IoU measures the number of pixels common between the

ground truth labels and the prediction labels divided by the total number of pixels

present in both the labels. It is simply defined as:

IoU =
ground truth ∩ prediction

ground truth ∪ prediction
. (3.1)

3.2.4 Segmenting with different architectures

In Figure 3.3, we compare the different learning approaches in terms of accuracy, and

their runtime in Table 3.1. For the runtime experiments, all deep networks were run

on a single NVIDIA Geforce GTX 1080 Ti graphics card. In these experiments, we did

not distinguish between left and right hands, as DeconvNet and SegNet completely

failed due to the class imbalance between left hand, right hand, and background

labels. Although Random Forests are clearly the fastest to train and to infer on,
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Figure 3.3: Performance of different segmentation methods on our dataset in terms
of mIoU (higher is better). Evaluation is performed on a two-class setup, where left
and right hands are not distinguished. Otherwise, DeconvNet and SegNet fail to learn.
However, the proposed network is able to achieve state of the art in any case.

they perform poorly when compared to deep networks. Due to its simple upsampling

scheme, FCN(32s) performs the worst among the evaluated networks. Thanks to its

learned decoder network, DeconvNet and SegNet obtain much better results. However,

their architectures are too computationally complex, resulting in a runtime that is

not suitable for real-time tracking applications when considering that segmentation

is typically a pre-processing step for a sophisticated vision pipeline. Our proposed

architecture not only on par with the best performing method in terms of accuracy,

but it is also fast to forward-propagate, running at ≈ 200fps.

3.2.5 Cross-dataset evaluation

We test our baseline network by training/testing on all possible combinations of the

datasets in Table 1.1 (with the exception of NYU which is captured using a deprecated

sensor). We also include BigHands [90] as a dataset for training, which is a hand

pose dataset composed of more than a million images. However, as this dataset is

originally intended for hand pose estimation, it does not have per pixel labels. We

therefore apply GrabCut [69] with the hands’ joint locations as seed points to obtain

a rough segmentation label. As these labels are not perfect, this dataset cannot be

used for testing. As not all datasets distinguish left and right hands, we perform

evaluations for the two-class (hands vs. background) as well as the three-class (left
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Table 3.2: Generalization performance across datasets for the three-class setup, in
terms of mIoU. For BigHands, we use data augmentation to generate both left and
right hand labels. Segmenter trained on our dataset, HandSeg, performs best in terms
of generalization.

Test
Train

HandSeg (Ours) Freiburg BigHands

HandSeg (Ours) 0.877 0.437 0.492
Freiburg 0.574 0.870 0.408

Figure 3.4: Generalization performance across datasets for the two-class setup,
in terms of mIoU. The dataset used for training is color-coded by the legend at the
bottom, and the results are grouped by each test set. The washed-out colors denote
the case when trained and tested on the same dataset. On the right, we show the
average performance of segmenters trained on each dataset, when tested on other
datasets excluding the one used for training. Note that the segmenter trained on our
dataset, HandSeg, generalizes best on average and on Freiburg, and is on par with the
best generalizing dataset on HandNet.

vs. right vs. background) scenario. We summarize the results in Figure 3.4 and in

Table 3.2, respectively.

As shown in Figure 3.4, when left and right hands are not distinguished, the

segmenter trained with our dataset generalizes better (in average) than when trained

with other datasets. Furthermore, as shown in the results on each testing dataset, the

segmenter trained on our dataset performs either the best or comparably to the best

method, while simultaneously generalizing to unseen datasets.
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In Table 3.2, we show the case when the two hands are distinguished. This

three-class case is harder than the two-class case above, as the segmenter now has to

distinguish between left and right hands. As shown, the segmenter trained with our

dataset generalizes better to Freiburg, than the one trained with Freiburg on ours.

Considering that the test performance on both datasets is similar, this shows the

better generalization capability of our dataset. Furthermore, as the BigHands dataset

only features a single hand, data augmentation needs to be applied for the three-class

setup, which is the result shown in Table 3.2. The poor numbers clearly demonstrate

the need of a hand segmentation dataset that distinguishes left/right hands.

3.2.6 Qualitative evaluation

In Figure 3.5, we provide qualitative segmentation results on our novel dataset. Here,

we show results of the proposed architecture, FCN, and the Random Forest. We

excluded SegNet and DeconvNet, as for the three-class experiments, these two network

architectures failed to deliver any meaningful results on our dataset and converged to

a trivial solution, that is, all pixels considered as background. Note how the proposed

architecture shows the best performance.

Figure 3.6 shows challenging frames where our network does not deliver perfect

results. Sample #1 illustrates how the network can still segment the hands of multiple

persons, although it was trained on frames containing a single individual. This reveals

the generalization capabilities of our network, which did not only learn to segment

one/two regions, but also learned a latent shape-space for human hands. Sample #2

shows a person holding a cup, while Sample #3 and Sample #4 have the hand lying

flat on the body. These scenarios are difficult, as the network has never seen a hand

interacting with objects. Although not perfect, the network successfully segments the

hands in Samples #3 and #4, but fails on the cup for Sample #2. Accuracy could

be improved by accounting for the additional information in the color channel, or by

learning the appearance of the object via training examples.
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Figure 3.5: Qualitative examples. We illustrate a few examples of hand segmentation
performance on our dataset for the proposed network, FCN, and Random Forests.
We exclude SegNet and DeconvNet here as they converge to estimating all pixel
as the background for this setup. Note how the proposed network gives accurate
segmentation for diverse poses, including when the hands are interacting as shown
in Sample #4. Sample #6 shows a failure case of our network when there’s extreme
interaction between the two hands. Still, our architecture performs better than the
compared ones, giving relatively accurate segmentation.
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Figure 3.6: A selection of segmentation failure cases. Due to the challenging nature of
these examples, our segmenter does not return perfect results. Note that in Sample #1,
our network is able to segment all four hands, although it was never trained with more
than a single person in the field of view. In Sample #2, our network show error on
the cup, as the network never saw hands interacting with objects.
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Chapter 4

Segmentation using Voronoi

Diagrams

In this chapter, we explain our novel method for semantic segmentation using Voronoi

Diagrams. We first discuss our Voronoi Decoder module in Section 4.1. Next, present

the results by applying our method to the MNIST Image generation task in section

4.2. We then give our end-to-end deep neural network and then explain the evaluation

of our network and other best segmentation network on Cityscapes Dataset and show

the results in section 4.3.

4.1 The Voronoi Decoder

The core contribution of our method is the Voronoi decoder. Similar to [53] and [88],

we want to learn a family of functions that maps every pixel in a 2D image to a

constant value of a Voronoi region in a Voronoi diagram. The method first represents

the image with a given number of Voronoi generators and their corresponding constant

values. Then, the Voronoi function (Voronoi Decoder) renders a 2D image.

The Voronoi Decoder is a function that can be queried at any given location x of

an input. Let us say we have n random Voronoi generators/points in a 2D plane with

the point set

P =
{
pn ∈ R2

}
n
,

where each point pn which maps to a corresponding constant value λn belonging to a
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Figure 4.1: Rendering Voronoi Diagram from points using Voronoi Decoder (VD)

color set C, where C =
(
λn ∈ Rl

)
n

and l is the number of different colors. We define

the Voronoi function as:

V(x|C,P) = C

[
arg min

n
{‖x− pn‖2}

]
. (4.1)

Algorithm: For sampling x, we first create a two-dimensional mesh grid with a

shape similar to a 2D plane. Then, we calculate the distances from each pixel x, in the

mesh grid to every generator and find the k nearest generators. Let the k distances be

given as

Dk(x|P) = ‖x− pk‖2 ,

The argmin from the equation 4.1 makes the Voronoi function non differentiable

because it makes sharp boundaries for the Voronoi edges. We smoothen the Voronoi

edges by replacing argmin with soft-argmin with the help of vector S.

Sk(x|P, θ) = e−θDk(x)/Σke
−θDk(x) , (4.2)

where θ ∈ R+ is a temperature parameter, which helps to control the smoothness in

Voronoi edges. So the Voronoi function in the equation 4.1 now becomes

V(x|C,P, θ) = C · S(x|P, θ) , (4.3)

The output of softmax (S) is multiplied with the colors (C) to generate a Voronoi

diagram, as shown in Figure 4.1. In the output diagram, we can observe that all the

pixels belonging to a single Voronoi region are represented with smooth transitions at

the region edges. The Voronoi Decoder can render the output image at any resolution
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Figure 4.2: MNIST Image Generation using Voronoi based Auto Encoder Network.
Here E is Encoder, λ is Latent Space Representation, D is Decoder and VD is Voronoi
Decoder. k is the number of parameter pairs produced by D and (βi, Ti) corresponds
to ith parameter pair. β represents (x, y) coordinate and T represents (r, g, b) color
information.

without much loss of information and thus supports super-resolution.

4.2 MNIST Image Generation Task

First, we discuss the MNIST Image generation task, where we apply our neural

network to the MNIST dataset. Here we treat our proposed neural network as an

Auto-Encoder, which takes an input image and generates an output image the same

as the input.

4.2.1 Data

MNIST [40] dataset contains handwritten digit images. The dataset contains 60,000

training images and 10,000 test images. In our Image generation task, we use the

same input image as a ground truth image while training. The input and prediction

image resolution is 28 × 28.

4.2.2 Architecture

As shown in Figure 4.2, the Voronoi based Auto Encoder contains three networks,

namely Encoder (E), Decoder (D), and Voronoi Decoder (VD). The Encoder network
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Figure 4.3: Image generation results from our proposed Voronoi based network. The
left image is the input and the middle image is the prediction. The point coordinates
from the decoder layer are overlapped on the prediction and are displayed on the right.

(E) takes an input image and produces an underlying representation of λ. Then the

Decoder generates a collection of k Voronoi parameters containing points and their

corresponding colors. Then the Voronoi Decoder (VD) renders the prediction image
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at a given resolution using the method described in section 4.1.

The Encoder (E) network is a convolutional network with four blocks, where each

block contains a series of Convolution, Group Norm, Leaky Relu layers, and a ResNet

identity network [26]. The Decoder (D) is a multi-layer perceptron (MLP) network

which contains four blocks, where each block includes a fully connected layer followed

by a group norm and a leaky relu layer.

4.2.3 Loss Function

The entire network is trained by minimizing the following reconstruction loss.

Lrec =
∑
n

Ex∈[0,1]D [‖In −VD (D (E (In)))‖2] , (4.4)

where In is the input and ground truth image. ‖.‖2 is the L2 loss and E is the

expectation on L2 loss over x ∈ [0, 1]D.

We observe that some points lie outside the predicted image and are not utilized

for rendering the prediction. Thus, we apply regularization to these points so that

they are well spread, and at the same time to be inside the image. Specifically, we

define auxiliary boundary points across the boundary of the image and use Laplacian

smoothing loss to avoid predicting points that lie outside the boundary defined by the

auxiliary points.

The boundary points are chosen along the perimeter of the image, with d
√
ne

points on each border of the image, with n being the number of predicted points

from the decoder network. This provides equal spacing of the boundary points as

the grid of predicted points and the equal spacing balances the Laplacian loss at the

boundaries. Since the prediction image in our case is a square, the total number of

boundary points is equal to 4 d
√
ne.

We define the Laplacian smoothing loss as:

Llap =
1

n

n∑
i=1

∥∥∥∥∥pi − 1

N

N∑
j=1

pj

∥∥∥∥∥
2

, (4.5)

where n is the number of points, N is the number of adjacent points to pi, pj is the

position of the j-th adjacent point to pi in the Delaunay triangulation of the points.
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Notice how this loss makes the predicted points shrink towards the auxiliary points

and by doing so on all points including the borders, it tries to spread points across

the image.

To summarize, the total loss combining both reconstruction and Laplacian is

defined as:

Ltotal = λrecLrec + λlapLlap , (4.6)

where λrec and λlap are the hyperparameters used to balance the total loss, which we

set empirically.

4.2.4 Training Settings

The dimension of the latent space representation λ in our experiments is 128. The

number of points is 30, and the value of θ is 30. The hyperparameters λrec and λlap

values are 1.0 and 0.01 respectively. The evaluation metric we used for this task is the

mean square error, which was defined in Equation 4.4.

4.2.5 Results

Image generation results from the MNIST network are shown in Figure 4.3. For a

given input image (on the left), we visualize the prediction (middle), prediction with

points (on the right) overlapping on it. We can see the predictions (middle) are similar

to the input images (on the left). From the right column, We can observe that the

points are mostly concentrated at the digit pixels. For the sample#5, We can see that

the points are distributed along the boundaries and in the middle of digit 7. With

this example, we can understand that the model learned that most of the information

is at the boundaries of white pixels and utilized all of its points to distribute around

the digit 7 and interpolates to the nearest values while rendering the final digit 7. In

this case, we use 30 points.

Intuitively, the points should be distributed around the object boundaries, which

are the high-frequency areas. For the low-frequency areas, where all the neighbors share

the same pixels, a few points are enough to represent the pixels in those object area

and use interpolation to render the final values for those object regions. Our method
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follows adaptive subdivision [87] in computer graphics, which is used to render the

render high-resolution images by considering information only at the high-frequency

areas. So, this means our method can represent all the similar pixels in an object

with a few numbers of points and colors. In this way, we can represent an entire

high-resolution image with some points and colors, thus can save a lot of memory in

storing the images. These points and color values can be passed to a learned Voronoi

Decoder to render the final output image.

4.3 Cityscapes Segmentation

4.3.1 Segmentation Task

Semantic segmentation is the task of labelling images at pixel level. It has a lot of

applications ranging from scene understanding, inferring relationships among objects

for autonomous driving. Progress in deep learning through the deep neural networks

such as FCN [46], UNet [68], SegNet [3], ParseNet [43], DeepLabv3 [13], and OCNet

[91] made a lot of progress in solving the task.

4.3.2 Cityscapes Dataset

We use the Cityscapes dataset [14] for semantic segmentation task, to understand

information from a scene at the pixel level. The dataset contains 30 classes, and only

19 classes of them are used for scene parsing evaluation. The dataset includes 2,975

training, 500 validation, and 1,525 test images with high-quality pixel-level annotations.

For the test dataset, labels are not publicly available. So, for our experiments, we use

the validation set as the test set.

4.3.3 Input Data

For Training and evaluating our method, we use an image resolution of 256 × 512.

Since our main aim is to develop the method for resource-constrained devices, the

input to the neural network model is 32× 64, but the rendered output is of original

size 256× 512. We evaluate our results with the given input and output image sizes

when we compare them with other methods.
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Figure 4.4: Our Overall Network architecture.

Since the input size for the model is very small in our case, we observed that

if the number of pixels belonging to a particular class-label is very low, then it is

challenging for the model to learn it. So, we chose an optimal threshold value for the

number of pixels to consider the class label for Training. If the number of pixels for

any class-label is less than the threshold value, then they are ignored. The threshold

value in our case is 1 % of input size (32× 64) for the model.

4.3.4 Network Architecture

We consider OCNET [91] network, which gives the state-of-the-art performance on the

Cityscapes dataset and was discussed in section 2.3.2. The OCNET network uses an

object context pooling network on top of a fully convolutional Resnet-101 [26] network

to extract context information from the input pixels and assign a single class-label

to all the pixels having a similar context. Our overall network architecture is shown

in the Figure 4.4. It consists of a base network combining both backbone network

and Object Context network and a Voronoi Decoder module. The base network is

borrowed from OCNET and the Voronoi Decoder module defined in 4.1 – our main

contribution – is appended at the end to decode the feature map at any resolution.

Backbone Network

The fully convolutional ResNet-101 [26] network, which was pre-trained on the Im-

ageNet [15] dataset, is used as a backbone to our network. It takes an input image

I of size h× w and produces a feature map S. The final two blocks of the network

are replaced with dilated convolutions [89], with dilation rates of 2, 4 respectively.

A dimensionality reduction module (a 3× 3 convolution) is employed at the end to

reduce the channels of the feature maps output from 2048 to 512.
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Figure 4.5: Object Context Network Module. Image taken from [91].

Object Context Network

The object-context module extracts the context information of objects from the input

feature maps S to produce a feature map S̄. The object context network we used is

as shown in Figure 4.5. The output feature map from the backbone network is passed

through five different modules, and the responses from each module are concatenated

as a final output. The first module is a 1×1 convolution block. The next three modules

are 3 × 3 dilated convolution with different dilation rates (12, 24, 36) respectively.

The final module is an object context module. All the modules produce an output

with 512 channels. The outputs from all the five modules are concatenated to produce

an output feature maps with 2560 channels. The channels are further reduced to 512

by employing 1× 1 convolutions.

Voronoi Decoder Module

Before feeding the feature map into the Voronoi Decoder Module, we employ a

dimension reduction module (a 1 × 1 convolution) to reduce the channels of the

feature maps output S̄ from the base network defined in section 4.3.4 from 512 to

k = (nc + 2), where nc = 19, which is the number of labels in the cityscapes dataset

used for our experimentation purposes and 2 is to represent (x, y) coordinates, which
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are considered as offset points. These offset points are added to the meshgrid of the

Voronoi Decoder. So, now the final feature map V̄ contains both positional coordinate

and color information. The Voronoi decoder module takes V̄ with coordinates and

colors as channel information as input and renders an output segmentation map of

desired output size.

4.3.5 Loss function

We employed cross entropy loss (Lce) on the final output of our model which is defined

as below.

Lce(y, p) = −
∑
i

yi log(pi) , (4.7)

and

pi =
eai∑N
k=1 e

a
k

. (4.8)

Here, the logits from the model’s output a is passed through softmax function pi and

y is the ground truth label.

Our dataset has 19 semantic classes, and the number of pixels for each class is

not the same in the entire dataset. Training directly on this dataset leads to a class

imbalance problem, where the learned network performs better on the high-frequency

semantic class rather than on the lower frequency class. Thus, we use class-balanced

cross-entropy loss, where a higher weight is given to low-frequency classes and a lower

weight to high-frequency classes.

As in Section 4.2.3, without regularization points are not spread and focus on a

small portion of the image. For this task, we found that the method in Section 4.2.3

does not work well. We therefore use an alternative formulation, where we regularize

by computing the offset of the estimated triangulation points from a regular mesh

grid. In other words, we add penalty from deviating from a pixel-like representation.

In more detail, we first construct an auxiliary mesh grid, G of size
√
n x
√
n with

n being the number of points covering the whole prediction image. We always choose

n as a perfect square to make
√
n an integer. We then predict the positions of points,

and obtain P from the base network as offsets from this grid. Notice how we set the

number of points in P , so that we can easily form a mesh grid for G. We then use an
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L2 regularizer defined as:

Lreg =
1

n

n∑
i=1

‖pi − gi‖2 , (4.9)

where n is the number of points, gi, and pi are the k-th points on the grid G, and the

predictions P . ‖.‖2 is the L2 loss.

As before in Section 4.2.3, our total loss function is defined as:

Ltotal = λceLce + λregLreg , (4.10)

where λce and λreg are the hyperparameters used to balance the total loss as before.

4.3.6 Training Settings

Similar to OCNET [91], we employ poly learning rate policy with an initial learning

rate as 0.01 and weight decay as 0.0005. The number of points in our case is 100. We

set the hyperparameters λce and λreg to 1.0 and 0.01 respectively. The input to our

model is (32× 64) and the base network’s (section: 4.3.4) output is (16× 32). The

final segmentation output is (256× 512). For data augmentation, we flipped image

and label pair horizontally.

Theta

In Equation 4.3, we mentioned that the purpose of theta (θ) is to control the smoothness

in the Voronoi edges. To see the role of theta visually, we pass the same random

generators through the Voronoi Decoder and plot the generated Voronoi Diagrams by

varying θ from 0 to 90 in increments of 10. The resultant plots are shown in Figure

4.6. We can observe that when θ is small (between 0 to 30.0), the boundaries are

smoother, and as it goes to 90.0, the boundaries become sharper. If the Voronoi edges

are smoother, the colors are blurred, and there is a loss of information. But, if the

edges are sharper, it makes the Voronoi Decoder non-differentiable. So, we need to

choose the value of θ somewhere in between. From our experimentation, we found that

θ’s optimal value is 30.0. If θ’s value is more than 30.0, the Voronoi edges becomes

sharper and makes the gradients flow difficult, and if the value is smaller than 30.0,

the edges are smoother which makes the network produce blurred output.
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Figure 4.6: Role of theta (θ). The Voronoi edges are smoother when theta is less
(First row in the image) and the boundaries become sharper with rise of theta (second
row)

4.3.7 Evaluation Metrics

The evaluation metric in our experiments is mean Intersection Over Union (mIoU) as

defined in the section 3.2.2.

4.3.8 Baselines

We compare our Voronoi based proposed network with the OCNET network. The

architecture of the OCNET network used in our experimentation is as follows. The

input image Ī is fed to the base network to produce an output feature map S̄, which is

of size (16× 32). Then S̄ passed through a bilinear upsampler layer, which upsamples

the input to (256× 512) segmentation map with nc channels.

4.3.9 Quantitative and Qualitative Results

On the Cityscapes test dataset, quantitative results are shown in Table 4.1. We can

see that our model quantitatively achieves a better performance than OCNET. The
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Figure 4.7: Qualitative examples: We illustrate a few examples of semantic segmenta-
tion performance on cityscapes dataset for the proposed network and OCNET. From
left, the first two columns contain the Cityscapes dataset’s Input and the Ground
Truth, the last two columns contains the results from our proposed network and
the OCNET. We can observe that the proposed network gives better and accurate
segmentation than the OCNET.

qualitative results are shown in Figure 4.7. We can observe that the model was able

to segment all the objects in the input image. Since the input resolution for the model
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Table 4.1: Quantitative results comparing the performance of our network and
OCNET on the Cityscapes test dataset.

Method mIoU (%)

VoroSeg (Ours) 33.69
OCNET 30.99

Table 4.2: Super Resolution: This table presents the rendered segmentation predic-
tions at different resolutions with their corresponding mIoUs.

Output Resolution mIoU (%)

32×64 32.97
64×128 33.08
128×256 33.11
256×512 33.69

is (32× 64), which is very small, the model is not able to learn fine details well. But,

it does a better job of identifying large objects.

Rendering at Higher Resolution

As we mentioned in section 4.1 our model supports super resolution, we visually

demonstrate the same in Figure 4.8. We use the model trained in the above mentioned

training settings in section 4.3.6 and render the output at different resolutions like 32

× 64, 64 × 128, 128 × 256, and 256 × 512 by using the input in Sample #3 of Figure

4.7 . Quantitative results in Table 4.2 show that our model maintains the same mIoU

at different resolutions. In Figure 4.8, the bottom image is the segmentation map

rendered at 256 × 512 resolution. For a selected region with bounding box (yellow

color), we present the rendered images at different resolutions, which are displayed in

the top row. We can clearly see that there is a visual improvement in the output with

increase in resolution (left to right) in the image.
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Figure 4.8: Rendering at Higher Resolutions: We pass the input image at sample
#3 of Figure 4.7 to the proposed network and rasterize the prediction at different
resolutions. The bottom image is the prediction rendered at 256 × 512 resolution. In
the first row, we display the rendered images at various resolutions (increasing from
left to right) for a selected region with the bounding box.
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Chapter 5

Conclusions

In this thesis, we have focused on Semantic Segmentation, an essential task of Computer

Vision, and explored creating datasets and deep neural architectures for semantic

segmentation.

Regarding dataset creation, we have proposed an automatic annotation method for

easily creating hand segmentation datasets with an RGBD camera, and have introduced

a new high-quality dataset for hand segmentation that is significantly larger than what

is currently available. Our annotation method requires minimal human interaction

and is highly cost-effective. With the proposed method, we have created a dataset that

contains high-accuracy dense pixel annotations, significant pose variations, and many

different subjects. Our results show that the new dataset, HandSeg, allows training of

segmenters that are more general than the ones trained with existing datasets. Precisely,

our high-quality depth-based hand segmentation dataset consists of 210,000 frames with

dual hand annotations from 13 subjects. We used the Intel RealSense SR30 sensor at a

resolution of 640×480 the data. The dataset is made publicly available and is available

at the website link https://gfx.uvic.ca/pubs/2019/bojja2019handseg/page.md.

We have proposed a segmentation network that is faster than existing baselines

and provides superior mIoU accuracy. While these results are encouraging, our dataset

opens new frontiers for investigation, such as the effectiveness of spatially-aware

losses [36], the use of efficient quantized networks [30], or its use for weak-supervision

of discriminative hand tracking [52].

Regarding the new method for real-time semantic segmentation on low power

devices, we proposed a novel representation and architecture for deep networks for
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semantic segmentation using Voronoi Diagrams. We used a differentiable definition of

the Voronoi Diagram based on the softmax operator, enabling its use as a decoder layer

in an end-to-end trainable network. We evaluated our proposed network architecture

on the Cityscapes dataset and compared the results with a state of the art segmentation

network. We also showed that this architecture is on par with the state of the art

performance in semantic segmentation on low-resolution input images. We showed

how our method could rasterize the segmentation maps at different resolutions, thus

supporting super-resolution and giving the ability for the resource constraint devices

to produce high-resolution feature maps with few resources.

Further, we have shown how our proposed network performs on other tasks like

Image generation and hand segmentation.
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