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Abstract
The generation of three-dimensional (3D) videos from monoscopic twodimensional (2D) videos has received a lot of attention in the last few years. Although
the concept of 3D has existed for a long time, the research on converting from 2D-to-3D
in real-time is still on going.

Current conversion techniques are based on generating an estimated depth map
for each frame from different depth cues, and then using Depth Image Based Rendering
(DIBR) to synthesize additional views. Efficient interactive techniques have been
developed in which multiple depth factors (monocular depth cues) are utilized to
estimate the depth map using machine-learning algorithms. The challenge with such
methods is that they cannot be used for real-time conversion. We address this problem
by proposing an effective scheme that generates high quality depth maps for indoor and
outdoor scenes in real-time.

In our work, we classify the 2D videos into indoor or outdoor categories using
machine-learning-based scene classification. Subsequently, we estimate the initial
depth maps for each video frame using different depth cues based on the classification
results. Then, we fuse these depth maps and the final depth map is evaluated in two
steps. First, depth values are estimated at edges. Then, these depth values are
propagated to the rest of the image using an edge-aware interpolation method.
Performance evaluations show that our method outperforms the existing state-of-the-art
2D-to3D conversion methods.
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Chapter 1: Introduction
Three-dimensional (3D) video technology imitates the stereoscopic perception of
the human visual system, providing the viewer with a more realistic and immersive
viewing experience. 3D allows viewers to perceive depth the same way as if they are
looking at a live scene. The term 3D in this context denotes stereoscopic, which means a
two-view system that is used for a close to real-life visualization. Such stereoscopic
videos that are displayed on three-dimensional televisions (3D TVs) can increase the
visual impact and heighten the sense of presence for viewers [1]. The visual ability to
perceive the world in 3D is identified as depth perception, which arises from a variety of
depth cues that determine the distances between objects.
1.1 Motivation

The technologies behind 3D displays and digital video processing are reaching
technical maturity, with the stereoscopy technology being widely regarded as one of the
major advancements in the entertainment industry. Although the concept of 3D has
existed for a long time, the research on converting 2D to 3D in real-time is still ongoing
[2].

The vast amounts of existing 2D video content and their conversion to 3D is one

of the highest priorities of content owners such as Hollywood studios and broadcast
facilities. As 3D content is limited and capturing 3D is still a challenging and costly
process, it is imperative that converting 2D content to 3D will play an important role in
enabling the 3D consumer market. TV manufacturers have tried to address this issue by
introducing 2D-to-3D real time conversion but with limited success, as the resulting
quality leaves a lot to be desired.
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Figure 1.1. Example of an original image and its corresponding depth map

Lately, TV manufacturers are placing their hopes for the future of 3D TV on the
so-called “glasses-free” 3D TV technology, where “autostereoscopic” displays show
multiple views of 3D (ranging from 8 to more than 100) without the need for glasses. In
this attractive technology, rendering/synthesizing views from an existing view is a must,
as it is not practical to transmit multiple views or to know how many views each display
supports. This challenge is similar to the 2D-to-3D conversion, as views need to be
synthesized from an existing real view.

In general, the main purpose of the 2D-to-3D conversion is to generate a second
view video based on the content of the 2D video. This conversion mainly involves two
processes: Depth Map Estimation and Depth Image Based Rendering [2].

The depth map is an image/frame with different grey values that represents depth
information. Each intensity value of the depth map represents the distance from the
viewer, where the farther/closer the point in the image from the viewer, the darker/lighter
the intensity value. Fig. 1.1 shows an example of an image and its depth map [3].
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Synthesized views can then be generated from this depth map using Depth Image
Based Rendering techniques.

1.2 Contribution

There has been a lot work on the conversion of 2D-to-3D as explored in Chapter
2. Our goal in this thesis is to design an efficient real-time 2D-to-3D conversion scheme
that significantly outperforms previous approaches in terms of quality while maintaining
real-time performance.

More specifically, we identify our contributions as follows:

•

Implementation of a classification scheme to classify indoor and outdoor videos.

•

Taking a comprehensive look at existing 2D-to-3D conversion techniques and
extract depth cues that have been identified as important cues for estimating
depth information.

•

Using multiple features for each category to prevent our proposed scheme from
failing in case one of the cues is absent from the scene.

•

Estimating depth values at edges to get reliable depth estimation in those areas.

•

Formulating an optimization problem to propagate depth values from edges to
the entire frame.

•

Verifying the quality of the produced 3D videos of our approach with a subjective
evaluation.
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1.3 Thesis Organization
In our work, we focus on the depth map generation from a single-view 2D video in
real-time using multiple depth cues. The rest of this thesis is organized as follows:
Chapter 2 is an overview of 3D and existing 2D-to-3D conversion techniques. Chapter 3
presents an overview of the proposed framework, and describes the implementation
details of feature extraction and depth estimation. Chapter 4 discusses the experimental
results and the subjective evaluation. Finally, Chapter 5 provides the concluding remarks
and describes future work.
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Chapter 2: Background
In this chapter, we describe how humans perceive depth (section 2.1) and look at
the different technologies for generating 3D content (section 2.2). In section 2.3, we
explain the different depth cues that can be used for perceiving depth. Finally, we
discuss existing 2D-to-3D conversion techniques in section 2.4.

2.1 Human Depth Perception

Human beings have two eyes spaced a short distance apart, each eye taking a
view of the same scene from a slightly different angle. The two eye views have plenty in
common, but each eye captures its own view and the two separate images are sent on
to the brain where they are fused into one picture as shown in Figure 2.1 [4].

The brain fuses the two views by matching up the similarities and adding in the
small

differences

along

with

other

cues

to

finally

generate

a

three-

dimensional stereo picture. Stereo is the added perception of the depth dimension that
makes stereovision so rich and special. With such stereovision, we see an object as
solid in three spatial dimensions: width, height and depth.
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Figure 2.1 How our brain perceives depth [4]

2.2 Three-dimensional Technology

Three-dimensional videos are moving our visual entertainment towards a greater
perceptual realism. They are attracting more attention in the different applications of
digital multimedia ranging from medicine and education to training and entertainment.

There are several different ways of generating 3D content as shown in Table 2.1.
Regardless of the differences in the technologies for capturing 3D content, all of them
use the same principle of producing two separate views. The stereoscopic displays then
send one of these views to the viewer’s left eye and the other to the right, in order to
give the proper illusion of 3D.
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Information can be captured with 3D depth range cameras. These cameras use a
depth-sensing technology that separates objects from the background layers behind
them and calculates the distance between objects, in order to produce depth and from
that a second view and finally 3D video. Another way to produce 3D content is by using
stereoscopic dual cameras to capture a scene from slightly two different angles, and
produce two separate views.

Of course, another approach to generate 3D content is from 2D content. Legacy
2D content captured by traditional 2D cameras may be converted into 3D format if depth
is somehow estimated from the existing view and then it is used to synthesize the other
view.
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Stereoscopic Dual Camera

3D Range Camera

2D Video Camera

Estimation

Depth

Original Image

Left and right views
Original image and Depth
map

Estimated depth map

Left and right views

Left and right views

View Synthesis

3D image
Table 2.1: Different Systems for Generation 3D Content
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2.3 Depth Cues

When observing the world, the human brain usually integrates several different
depth cues for the generation of depth perception. Thus, depth perception occurs as a
result of observing a variety of depth cues (throughout this thesis, we sometimes refer
to

depth

cues

as

image

features).

These

cues

are

typically

classified

into binocular and monocular cues. Binocular cues are based on the reception of
information in three dimensions from two eyes, while monocular cues can be
represented in two dimensions and observed with just one eye.

2.3.1 Binocular

Binocular cues represent retinal disparity (also known as binocular disparity),
which is caused by the fact that each of our eyes views a scene from a slightly different
angle. As a result the same object appears at a slightly different position in the two
views, with the distance between them known as binocular disparity. Our brain uses this
disparity to extract depth information from the 2D retinal images in stereopsis.

Therefore, depth information can be computed using binocular disparity by
calculating the difference between the positions of the same objects in the scene, which
is captured from slightly different viewpoints. “First, a set of corresponding points in the
image pair is found. Then, by means of the triangulation method, the depth information
can be retrieved when all the parameters, i.e., camera parameters, of the stereo system
are known.” [5].
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According to [5], one of the most active research areas in computer vision is
stereo correspondence problem (also known as stereo matching). It is defined as how
one can find the matching point of the left image in the right image. Such a problem is
considered to be a very time-consuming aspect of depth estimation algorithms based on
binocular disparity. This is due to the inherent ambiguities of image pairs such as
occlusion.

2.3.2 Monocular

Monocular cues, which is the other class of depth cues, provide depth
information from a single image. These cues can be classified into two main categories.
The first category is motion-based cues, which include motion parallax, velocity of
motion, and occlusion from motion. The second one is pictorial cues that are depth cues
in monoscopic still images. They include occlusion, linear perspective, vertical edges,
texture gradient, blur, light and shading, and size. The explanation on how these cues
provide depth information is detailed below.

2.3.2.1

•

Motion-based Cues

Motion parallax: objects’ patterns move within a frame to form corresponding
objects on the subsequent frame. Hence, the difference in spatial domain of
objects across time is what defines motion parallax [6].

•

Velocity of motion: the nearby object corresponds to a larger displacement in a
video sequence compared to the farther one, when the two objects move at a
similar velocity [4].
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•

Occlusion from motion: background regions occluded by a moving foreground
object will be exposed in another frame [7].

2.3.2.2

•

Pictorial Cues

Interposition/Occlusion: an object that occludes another is closer. Interposition is
considered to be a strong depth cue but it only provides information about depth
order not magnitude [8].

•

Linear perspective: Parallel lines will vanish toward one point on the horizon, so
the distance between the lines decreases visually towards the horizon [9].

•

Texture gradient: closer objects have more detailed and visible texture than
farther ones. Texture in farther objects is smoother and finer [10].

•

Blur from defocus: the object closer to the camera is usually clearer than farther
objects, as blur of defocused regions increases with objects distant away from
the focal plane [11].

In addition, objects characteristics in the image can be also used as indicator of
how far they are located in the scene.

•

Light and Shading: Shadows give us information about the shape and depth of
objects.

•

Size: Similar objects with different sizes are perceived at different distances.
Larger objects are closer.

•

	
  

Brightness: farther away objects are dimmer.
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2.4 2D-to-3D Conversion Techniques

Current 2D-to-3D conversion techniques are based on generating an estimated
depth map for each frame utilizing such different depth cues. Depending on the number
of input images, we can categorize the existing conversion algorithms into two groups:
algorithms based on a single image and algorithms based on two or more images.

2.4.1 Based on Two Images

In the latter case, the algorithm uses two or more input images taken by multiple
fixed cameras at slightly different viewing angles. Such techniques use binocular depth
cues to estimate the depth map. This is achieved by finding a set of corresponding points
in the image pair.

Assume a 3D point 𝑃 has two projections 𝑝! and 𝑝! on a left and right images
when captured by stereo dual camera system that has left and right cameras, where the
origin of the camera coordinate systems is 𝑂! and 𝑂! . As shown in Figure 2.2 [5], the
depth value 𝑍 of the point 𝑃 can be computed based on the relationship between similar
triangles (𝑃, 𝑝! , 𝑝! ) and (𝑃,  𝑂! , 𝑂! ) as follow:

𝑍=𝑓

𝑇
𝑑

where 𝑑   =   𝑥!    −    𝑥! , which measures the difference in retinal position between
corresponding image points [5]. This disparity value of a point is important as it helps in
constructing the disparity map, which is essential to estimate the depth map.
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Figure 2.2 Depth Value Z of Point P (captured by stereo dual camera system) is computed based
on the relationship between similar triangles (𝑷, 𝒑𝒍 , 𝒑𝒓 ) and (𝑷,  𝑶𝒍 , 𝑶𝒓 )

As stated earlier, stereo matching problem is regarded as the most timeconsuming aspect of depth estimation and it is difficult to solve. In the literature, several
constraints have been introduced to make the problem solvable. The taxonomy in [12]
has evaluated the performance of approximately 40 two-frame stereo correspondence
algorithms, which impose various sets of constraints.

2.4.2 Based on a Single Image

On the contrary, the former group of conversion algorithms uses monocular depth
cues from a single image to produce the depth map. Then, a Depth Image Based
Rendering (DIBR) technique is used to synthesize the additional views [13].
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Over the past few years, many frameworks have been proposed for depth map
creation based on monocular cues. These frameworks can be classified into three
schemes: manual, semi-automatic, and automatic.

Manual schemes outline objects manually and associate them with an artistically
chosen depth value. Some of the semi-automatic approaches outline objects with
corrections made manually by an operator [14]. Other semi-automatic conversion
techniques involve a skilled operator who assigns different depth values to different parts
of an image as shown in Figure 2.3 (a). Then, an automatic algorithm, which employs
Random Walks while incorporating information from Graph Cuts segmentation paradigm,
estimates depth map over the entire image based on the user-defined manual
assignments, as shown in Figure 2.3 (b) [15].

Even though, such techniques produce high quality depth maps, yet, they are
time consuming and expensive. Furthermore, they are unreliable when complex outlines
are encountered [16].

Lowering the conversion cost while speeding up the process, motivated the
researchers to automate the conversion techniques. As a result, automated
approaches, which do not require human interaction, have been proposed for
synthesizing stereoscopic videos from monoscopic videos.	
  

	
  

14	
  

(a) Labeled Image

(b) Depth Map

Figure 2.3 Semi-automatic Depth Estimation (a) Original 2D Labeled Image and (b) Depth Map
estimated using semi-automatic approach

Some of these methods use only one monocular depth cue is used for depth map
estimation. For instance, relative motion of objects is extracted from the video and used
for estimating the depth map in [17]–[22]. Other studies propose estimating depth from
defocus using a single image [23]–[25]. One of the major drawbacks of methods using a
single depth cue is that they fail to work in the absence of that cue.

Subsequently, efficient interactive techniques have been developed in which
several monocular depth cues are utilized to estimate the depth map using machinelearning algorithms [3], [26]. The challenge with these approaches is that they either
cannot be used for real-time conversion as feature extraction even for testing is time
consuming [3] or they produce depth maps that contain blocky artifacts or inaccurate
edge estimations [26].

	
  

15	
  

For real-time applications, commercialized 3D TVs are using limited a number of
depth cues such as vertical edges, motion, haze, and perspective for converting 2D
content to 3D automatically [27]–[29]. Some of the TVs categorize the scene to outdoors,
indoor, and scenic, and depending on the category of the scene, they use different cues
and methods for 2D to 3D video conversion [27]. In general, the perceptual quality of the
generated 3D views using the 2D-to-3D conversion option of the existing 3D TVs is quite
inconsistent and is content dependent.

In this thesis, we propose a unique real-time method for generating a high quality
depth map for indoor and outdoor scenes, using multiple depth cues. We estimate our
depth map in two steps. First, we estimate depth values at edges. Then, we propagate
these depth values to the rest of the image using an edge-aware interpolation method.
For performance evaluations, we compare our method with the defocus depth estimation
method [23], since the latter also uses edge-aware interpolation method for depth map
generation. In addition, we apply our method to a test dataset and compare the quality of
the synthesized 3D content subjectively with the quality of 3D views automatically
generated using the existing state-of-the-art 2D-to-3D conversion method and the 2D-to3D option of a commercialized 3D TV.
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Chapter 3: Our proposed 2D-to-3D conversion method
In this chapter, we present an overview of our proposed scheme in section 3.1.
Further, we discuss the implementation details of the classification scheme used to
categorize indoor and outdoor videos in section 3.2. We then, in section 3.3, identify
and explain the depth cues extracted for each category.

Finally, we describe the

proposed approach for generating the full depth map in section 3.4.
3.1 Overview of Our Proposed Framework

In general, 2D-to-3D video conversion schemes try to estimate the depth map of a
scene using information/cues present in the original 2D stream. In our 2D-to-3D video
conversion scheme, we analyze the content of the 2D video and according to the
obtained results decide on the 2D-to-3D video conversion approach for generating the
three-dimensional video. More specifically as shown in Fig. 3.1, first we classify the 2D
videos into indoor or outdoor categories using machine-learning-based scene
classification in accordance with the low dimensional spatial information of the scene.
We then estimate the depth map for each video frame using different depth cues based
on the classification results. We use multiple features for each category to prevent our
proposed scheme from failing in case one of the cues is absent from the scene. For
indoor scenes we use four depth cues: 1) blur, 2) motion, 3) occlusion, and 4) linear
perspective. On the other hand, for outdoor scenes we use three depth cues: 1) motion,
2) blur, 3) haze, and 4) vertical edges. These depth cues are chosen because in the
existing literature they have been identified as important cues for estimating depth
information [3], [23], [24], [26], [27], and their extraction is not computationally expensive,
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which suits real time applications. We generate depth map for each cue, and then use
linear depth fusion to produce the final depth map.

We apply canny edge detector to each frame of the original video. Using the
aforementioned depth cues, our scheme first estimates a sparse depth map at the edges
of each frame. However, noise and weak edges may cause inaccurate depth estimates
at some edge locations. To solve this problem, we apply joint bilateral filtering [30] on the
sparse depth map to refine inaccurate depth estimations. Then, we propagate this
sparse map to the entire frame in order to obtain the full depth map. In order to do that,
we formulate an optimization problem to find the full depth map that is close to the
sparse depth map by minimizing a cost function. Then, a temporal median filter [31] is
applied to the estimated full depth map as a post-processing step to ensure temporal
consistency and prevent flickering. The following sections provide a detailed description
of the steps and process involved in our approach.
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2D video
(Image Classification)

•
•
•
•

Indoor

Outdoor

Extract Depth Cues:

Extract Depth Cues:

Blur,
Linear Perspective,
Occlusion,
Motion.

Detect
Edges

Depth Assignment

Vertical Edges,
Haze,
Blur,
Motion.

•
•
•
•

Depth Assignment

Estimate Depth values at Edges
Sparse Depth map
Joint bilateral filter

Propagate depth values to the entire frame
(Edge-aware Interpolation)

Temporal Median filter

Full Depth map
Figure 3.1 Overview flowchart of our proposed approach
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3.2 Classification

Our visual system uses different depth cues for indoor and outdoor scenes, for
instance while haze information is an indication of distance in outdoor scenes, for indoor
scenes it is not being used. To imitate human visual system for depth estimation, in our
proposed scheme the first step is to categorize the 2D video to indoor and outdoor
scene. To this end, the structure or “shape of a scene” is estimated using a few
perceptual dimensions specifically dedicated to describe spatial properties of the scene.
As it is shown in [32] the holistic spatial scene properties, termed Spatial Envelope
properties, can be reliably estimated using coarsely localized information. The scene
representation characterized by the set of spatial envelope properties provides a
meaningful description of the scene semantic category. These spatial envelope
properties are then used as the input of a Support Vector Machine (SVM) [33] for the
purpose of scene classification.

According to [32], spatial envelope properties represent the scene in a very low
dimensional space in which each dimension depicts a meaningful property of the space
of the scene. A set of perceptual dimensions (naturalness, openness, roughness,
expansion, and ruggedness), that represents the dominant spatial structure of a scene,
is estimated using coarsely localized information. As suggested in [32], we utilize the
windowed Fourier transform (WFT) to estimate the localized energy spectrum
(spectrogram) as follows:

𝐴 𝑥, 𝑦, 𝑓! , 𝑓! =   

	
  

!!!
! ! ,! ! !! 𝑖

𝑥 ! ,   𝑦 ! 𝐻! 𝑥 ! − 𝑥,   𝑦 ! − 𝑦   𝑒 !!!!

!! ! ! !  !!   ! !

(1),

20	
  

where 𝑖 𝑥 ! ,   𝑦 ! is the intensity distribution of the image along the spatial variables 𝑥, 𝑦 ,
𝑓! and 𝑓! are the spatial frequency variables, and 𝐻! 𝑥 ! ,   𝑦 ! is a hamming window with a
circular support of radius r which provides localized structural information.

The estimation of the spatial envelope attributes from image-based features can be
solved using different regression techniques. In the case of a simple linear regression,
the estimation of a scene attribute 𝑠 from the spectrogram features 𝑤 can be written as:

𝑠 = 𝑤 ! 𝑑 =   

!!
!!! 𝑤! 𝑑!

=

!

!

𝐴(𝑥, 𝑦, 𝑓! , 𝑓! )!   ×  𝑊𝐷𝑆𝑇( 𝑥, 𝑦, 𝑓! , 𝑓! )𝑑𝑓! 𝑑𝑓! (2),

with:

𝑊𝐷𝑆𝑇 𝑥, 𝑦, 𝑓! , 𝑓! =   

!!
!!! 𝑑! Ψ!

𝑥, 𝑦, 𝑓! , 𝑓!

(3),

where the vector 𝑑 contains the WDST parameters. The WDST (Windowed
Discriminant Spectral Template) describes how the spectral components at different
spatial locations contribute to a spatial envelope property [34].

The template indicates that indoor scenes are characterized by low spatial
frequencies at the bottom of the scene (mainly due to large surfaces), by vertical
structures (wall edges, tall furniture, etc.) in the central-top part, and by horizontal
structures at the top (e.g., ceiling). Outdoor scenes are mainly characterized by high
spatial frequencies everywhere.

Our classification task involves separating the data into training and testing sets. The
training set contains two target values (i.e., the class labels: indoor vs. outdoor) and
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several attributes (i.e., the spectrogram features). The goal of the SVM classifier is to
produce a model (based on the training data), which predicts the target values of the
test data given only the test data attributes [35].

First, we obtain the scene attributes of 400 indoor and outdoor images from the SUN
database [36], and we train the SVM classifier using these attributes with optimized
parameters of the kernel function. Then, we test the model on the video sequences
provided to MPEG for 3D CfP [37] and FTV CfE [38] for comparability reasons (training
dataset is excluded and not used for testing). For indoor scenes, we used: Balloons
(250 frames), Poznan Hall (200 frames), Kendo (250 frames), and Newspaper (250
frames) video sequences. For outdoor scenes, we used: Poznan Street (250 frames),
Ghost Town Fly (250 frames), and Bee (240 frames) video sequences. We managed to
achieve a classification rate of 92% when testing the model on these video sequences.
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3.3 Feature Extraction

Once the 2D videos are categorized to indoor and outdoor, we need to extract
depth cues to estimate the depth map for different scenes. We use multiple features for
each category to prevent our proposed scheme from failing in case one of the cues is
absent from the scene. We chose these depth cues because they have been identified
as important cues for estimating depth information in the existing literature [3], [23], [24],
[26], [27], and their extraction is not computationally expensive, which suits real time
applications. We generate depth map for each cue, and then use linear depth fusion to
produce the final depth map. The following subsections elaborate on the depth cues
used in our scheme for indoor and outdoor scenes.
3.3.1 Indoor Scenes

For indoor scenes, in our scheme the following depth cues are used: blur, linear
perspective, occlusion, and motion parallax. The process for extracting each of these
features is detailed below.

1) Blur

Blur is a feature that measures depth in the sense that distant objects suffer from
more blur than nearby objects. In our approach, we use the blur estimation technique
presented in [39] that uses the main square deviation of the point spread function (PSF)
to measure the amount of blur, which depicts depth. A blurred image 𝐼(𝑥, 𝑦) can be
regarded as a convolution between the focused image 𝑓(𝑥, 𝑦) and the PSF ℎ(𝑥, 𝑦):
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𝐼 𝑥, 𝑦 =   𝑓(𝑥, 𝑦)⨂ℎ(𝑥, 𝑦)

(4)

The PSF is a function that can be approximated by a Gaussian function. Therefore,
we applying a Gaussian filter with small kernel to the original image to remove highfrequency noise and suppress the blur caused by blur texture:

!

ℎ 𝑥, 𝑦 =    !!!! exp  (−
!

! ! !! !
!!!!

)

(5)

The standard deviation parameter 𝜎 of the Gaussian function represents the amount of
blur. Thus, it is proportional to the blur diameter 𝑐, 𝜎 = 𝑘. 𝑐, where k is a scale parameter
and c is the amount of blur. Therefore, the larger the variance, the more blur
phenomenon and the farther the object.

The amount of blur can be estimated in the areas of the image that has
significant frequency content (i.e. edge locations). Therefore, we compute the blur
amount at edge locations using spectrum contrast C, which can be represented as the
absolute value of spectrum amplitude difference between one pixel and its adjacent
pixels as follows:

𝐶 𝑖 =    log 𝐴 𝑖

!

−!

!∈! log  (𝐴(𝑗))

(6)

where A(i) represents the spectrum amplitude of edge pixel I, and B is the
neighbourhood of pixel i given.
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Finally, we estimate the relative depth using linear mapping [40] as follows:

! !,! !!"#  {!(!,!)}

𝐷!"#$ 𝑥, 𝑦 =   255. !"# !

!,! !!"#  {!(!,!)}

(7)

2) Linear Perspective

Indoor scenes usually contain linear perspective information, which can be used
as a cue to estimate depth. For example, corridor walls can be characterized as parallel
lines that appear to converge with distance, eventually reaching a vanishing point at the
horizon. The more the lines converge, the farther away they appear to be. Therefore,
depending on the vanishing point, different depth gradient planes can be generated with
the vanishing point being at the farthest distance.

In this thesis, we extract the vanishing lines using edge detection and Hough
transform [41]. For each frame of the 2D video, we detect edges using the Sobel
operator to obtain an edge gradient map, which denotes the gradient vector of edge
points that point in the direction normal to the line. This allows us to use the Hough
transform to compute the ρ and θ parameters for edge points. The variable 𝜌 is the
distance from the origin to the line along a vector perpendicular to the line, and 𝜃 is the
angle between the x-axis and this vector. We then generate a parameter space matrix
whose rows and columns correspond to these 𝜌 and 𝜃 values.
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The Hough transform is designed to detect lines using these parameters as
follows [42]:

𝜌 = 𝑥 ∗ cos 𝜃 +   𝑦 ∗ sin  (𝜃)

(8)

After finding the vanishing lines by computing the Hough transform, we find the
peak values in the parameter space to help us detect the vanishing point. These peak
values, which represent potential lines in the input image, return a matrix that contains
the row and column coordinates of the Hough transform bins. Subsequently, we find the
line segments corresponding to these peaks and determine the intersection points of
these lines. The vanishing point is then chosen as the intersection point with the
greatest number of intersections in its neighbourhood.

The linear perspective feature reflects the general tendency of the depth
transition. This transition varies gradually in a scene; hence, we form a local hypothesis
of depth variation. However, in order to distinguish discontinuity between regions, we
segment each frame into multiple regions using graph-based image segmentation [43].

Based on the detected vanishing point, we form a local depth hypothesis to
estimate the general depth transition for each segmented region [44]. This depth
hypothesis is determined by the Euclidean distance from the vanishing pint [45] and
relative height [46]. The Euclidean distance between a point and the vanishing point is
an indicator of how far this point is from the viewer. In other words, the closer a point is
to the vanishing point, the farther the point locates from the viewer. Thus, we assign a
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lower depth value to that point. The Euclidean distance depth hypothesis 𝐷! 𝑥, 𝑦
depends on the vanishing point and is generalized as:

𝐷! 𝑥, 𝑦 =   

𝑥 − 𝑥!"

!

+ 𝑦 − 𝑦!" ! /max  (𝐷! )

(9),

where 𝑥!" , 𝑦!" represents the position of the vanishing point.

In addition, the relative height represents the gradual variation in depth because
the lower part of an image is usually closer to the viewer. This relative height depth
hypothesis 𝐷! 𝑥, 𝑦 is estimated based on the y coordinate alone since it does not
depend on the vanishing point:

𝐷! 𝑥, 𝑦 =   

!!!
!

(10),

where 𝐻 is the height of the input image. This hypothesis reflects the gradual variation
in depth with the y coordinate value.

Finally, we estimate the depth as a weighted combination of the abovementioned
depth hypotheses for each segmented region k:

!
𝐷!"#$%&_!"#$!"%&'("
=    𝑤!! 𝐷!! 𝑥, 𝑦 +    𝑤!! 𝐷!! 𝑥, 𝑦

(11),

where 𝑤! +      𝑤! = 1, 𝑤! and 𝑤! denote weight coefficients for the two hypotheses:
Euclidean distance and relative height, respectively. The higher the y-coordinate of the
vanishing point, the greater the value of weight 𝑤! assigned to the relative height depth
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hypothesis. This is due to the fact that when the vanishing point is located at the upper
part of the image, the lower part would be closer to the viewer.

The lower part of the image would be farther away from the viewer, if the
detected vanishing point is located lower along the negative y coordinate. Therefore, the
Euclidean distance cue would have higher contribution. In case, the vanishing point y
coordinate is detected within the range of the image’s height, then the depth hypothesis
is determined from both Euclidean distance and relative height. On the other hand, if the
detected vanishing point is farther along the positive y coordinate and is located far
outside the image, this means the upper part of the image is farther away from the
viewer. Thus, the contribution of the relative height depth cue is higher. Consequently,
the weight for the relative height hypothesis is formed depending on where the
vanishing point is as follows:

!!"

0,                                          𝑖𝑓  𝑦!" ≤ 0  
,                                              𝑖𝑓  0   < 𝑦!" < 𝐻

𝑤! =             !!
min

!!"
!!

(12),

, 1 ,                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

and

𝑤! = 1 −    𝑤!

(13)

If the segmented region does not have a detected vanishing point, the depth is
determined by the relative depth hypothesis only:

𝐷! =    𝐷!! 𝑥, 𝑦

	
  

(14)
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3) Occlusion

Occlusion detection plays an important role in depth estimation. Although it does
not provide sense of depth magnitude, it gives important information about depth order:
an object that occludes another is closer.

Occlusion is detected when one part of the scene is visible in one frame, and not
in preceding/succeeding frames. The portions of the scene that are not visible
temporally, can be mapped onto one another by a domain deformation, called optical
flow. Optical flow refers to the deformation of the domain of an image that results from
camera or scene motion. It is, in general, the distribution of objects’ apparent velocities
caused by the relative motion between the camera and the scene.

In this thesis, we adopt the work presented in [47] to detect occlusion using
optical flow under the assumptions of (a) Lambertian reflection (“It is the property that
defines an ideal reflecting surface, where the apparent brightness of a Lambertian
surface is the same regardless of the observer’s angle of view” [48]) and (b) constant
illumination (The scene is moving relative to a light source). Most surfaces with
reflectance properties (diffuse/specular) can be approximated as Lambertian almost
everywhere under sparse illuminates, thus, this assumption is embraced as customary.
Similarly, constant illumination is a reasonable assumption for camera-motion and even
for objects moving slowly relative to the light source. Under the assumptions (a) and (b)
the occlusion detection and optical flow estimation task can be posed as a variational
optimization problem, and its solution may be approximated using convex minimization.
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The resulting optimization problem is solved jointly with respect to the unknown optical
flow field, and the indicator function of the occluded region.

We implement the work presented in [47]. First, we do domain deformation
mapping of each frame (image) 𝐼 𝑥, 𝑡 onto 𝐼 𝑥, 𝑡 + 𝑑𝑡 everywhere except at occluded
regions as follow:

𝑤 𝑥, 𝑡 = 𝑥 + 𝑣(𝑥, 𝑡)

(15)

where 𝑣(𝑥, 𝑡) denotes the optical flow. Under the abovementioned assumptions, the
relation between two consecutive frames in a video sequence {𝐼(𝑥, 𝑡)}!!!! , is then written
as:

𝐼 𝑥, 𝑡 =

I w x, t , t   +   dt +   n x, t ,              x   ∈   D\Ω(t;   dt)  
ρ(x, t),                                                                                  x   ∈   Ω t;   dt

(16)

where the occluded region Ω can change overtime on the temporal sampling interval dt.
Inside the occluded region Ω, the image can take any ρ value that is in general
unrelated to I w x, t , t   +   dt .

Then, we define the residual e on the entire image domain:

𝑒(𝑥, 𝑡;   𝑑𝑡)    =   𝐼(𝑥, 𝑡)    −   𝐼(𝑤(𝑥, 𝑡), 𝑡   +   𝑑𝑡)

(17)

which can be written as the sum of two terms, 𝑒! and 𝑒! :

𝐼(𝑥, 𝑡)    =   𝐼(𝑤(𝑥, 𝑡), 𝑡   +   𝑑𝑡)    + 𝑒! (𝑥, 𝑡;   𝑑𝑡)    + 𝑒! (𝑥, 𝑡;   𝑑𝑡)

	
  

(18)
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Note that 𝑒! is undefined in Ω, and 𝑒! is undefined in 𝐷\Ω, in the sense that they
can take any value there, including zero.

Next, we define the data term depending on the optical flow and the residual. This
is due to the fact that we do not know anything about the residual 𝑒! except the fact that
it is sparse and that what we are looking for is where the residual is non-zero, because
these non-zero elements indicate the occluded region at each pixel in the image.
Therefore, the data term can be written as:

𝜓!"#" (𝑣, 𝑒! ) = ∇𝐼! +    𝐼! − 𝑒!

ℓ𝓁!

+   𝜆 𝑒!

ℓ𝓁!

(19)

where λ is a tuning parameter. Further, we impose regularization, because the problem
is ill posed, by requiring that the total variation TV to be small:

𝜓!"# 𝑣 = 𝜇 𝑣!

!"

+   𝜇 𝑣!

!"

(20)

where 𝑣! and 𝑣! are the first and second components of the optical flow 𝑣, and µ is a
multiplier factor to weight the strength of the regularizer. TV is desirable in the context
of occlusion detection because it does not penalize motion discontinuities significantly.
The overall problem can then be written as the minimization of the cost functional

𝜓 =    𝜓!"#"    +    𝜓!"# ,

(21)

which is a model that formulates occlusion detection and optical flow estimation that is
represented as a joint minimization problem under sparsity prior on the occluded
regions [47]:
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𝑣! , 𝑣!,   𝑒! = arg min!! ,!! ,!!   

!
!

𝐴 𝑣! , 𝑣! , 𝑒!

!

+𝑏

!
ℓ𝓁!

+   𝜆 𝑊𝑒!

ℓ𝓁!

+   𝜇 𝑣!

!"

+   𝜇 𝑣!

!"   

(22)

where the vector field components 𝑣! (𝑥, 𝑡) and 𝑣! (𝑥, 𝑡) stacked into MN-dimensional
vectors 𝑣! ,  𝑣! . The occluded region, which is represented by 𝑒! , is the vector obtained
from stacking the values of 𝑒! (𝑥, 𝑡) on top of one another. A is the spatial derivative
matrix, the temporal derivative 𝐼! (𝑥, 𝑡) values are stacked into 𝑏, and 𝑊 is a diagonal
matrix. The error term 𝑒! , which represents the occluded region, is the spatial difference
between two frames.

Since this problem is NP-hard when solved with respect to the variable 𝑒! . A
relaxation into a convex would simply replace the ℓ𝓁! norm with ℓ𝓁! . However, this would
imply that “bright” occluded regions are penalized more than “dim” ones, which is clearly
not desirable. Therefore, they relax the ℓ𝓁! norm with the weighted-ℓ𝓁! norm.

𝑣! , 𝑣!,   𝑒! = arg min!! ,!! ,!!   

!
!

𝐴 𝑣! , 𝑣! , 𝑒!

!

+𝑏

!
ℓ𝓁!

+   𝜆 𝑊𝑒!

ℓ𝓁!

+   𝜇 𝑣!

!"

+   𝜇 𝑣!

!"   

(23)

As suggested by [47], Nesterov’s first order scheme [49] is used to solve this
problem. This algorithm provides 𝑂  (1/𝑘 ! ) convergence in 𝑘 iterations, which is a
considerable advantage for a large-scale problem such as (14).

We start from the standard ℓ𝓁! relaxation of ℓ𝓁! norm on the error term 𝑒! and then
reweight the ℓ𝓁! norm iteratively, thus improving sparsity and achieving a better
approximation of ℓ𝓁! norm. The error term contains the difference between two frames in
the spatial domain (pixels). Thus, it can be used as occlusion indicator since it identifies
the pixels of the first frame that become occluded in the second one.
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We then perform segmentation on each frame, and analyze the pixels in each
segment to check if the occluded pixels belong to it. Subsequently, we assign depth
order using occlusion information based on scene segmentation.

4) Motion Parllax

Motion parallax is another important cue to perceive depth information. This is
based on the fact that objects with different motions usually have different depths, such
that, close objects usually seem to move faster than farther objects.

In our implementation, we estimate motion using a fast block-matching algorithm
called Adaptive Rood Pattern Search (ARPS) [50]. Motion estimation using blockmatching algorithms demand minimal computation and are fast, which make them
suitable for real-time applications. The idea behind block matching is to divide the
current frame of a video sequence into a matrix of macroblocks (MBs) that are then
compared with the corresponding block and its adjacent neighbours in the previous
frame to create a motion vector (MV) that represents the movement of a MB in current
frame from one location to another with respect to the previous frame [6]. This
movement is calculated for all the macroblocks in a frame in order to estimate the
motion in the current frame. The search area for a good MB match is constrained to a
search range parameter (𝑝). The search range is basically is the area with a distance of
𝑝 pixels from all four sides of the corresponding macroblock in the previous frame.

The ARPS block-matching algorithm is based on the assumption that the general
motion in a frame is usually coherent. In other words, if the macroblocks around the
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current macroblock have moved in a particular direction, then there is a high chance
that the current macroblock also has a similar motion vector. This algorithm consists of
two sequential search stages: 1) initial search and 2) refined local search. For each MB,
the initial search is performed only once at the beginning in order to find a good starting
point for the follow-up refined local search. The ARPS step size (between the rood
pattern distributed points) is dynamically determined for each MB, based on the
available motion vectors (MVs) of the neighbouring MBs. In the refined local search
stage, a fixed-size search pattern is exploited repeatedly, and unrestrictedly, until the
final MV is found.

In this thesis, we chose the macroblock’s size to be 16x16, and the search
parameter 𝑝 to be 7 pixels. The MB that results in the least cost, is the one that matches
the most to the current block. Here we use the Mean Absolute Error (MAE) cost
functions to measure the matching criteria [6]:

!

𝑀𝐴𝐸 =    !!

!!!
!!!

!!!
!!!

𝐶!" − 𝑅!"

(24)

where 𝐵! is the size of the macroblock, 𝐶!" and 𝑅!" are the pixels, being compared in the
current and reference macroblocks, respectively.

In our implementation, we use a scaled linear mapping to calculate depth values
from motion vectors [51]:

𝐷 𝑖, 𝑗

	
  

!"#$"%

=   𝑐 𝑀𝑉 𝑖, 𝑗

!

!

+ 𝑀𝑉 𝑖, 𝑗

!

!

(25)
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where 𝐷 𝑖, 𝑗 is the depth value for pixel 𝑖, 𝑗 , c is a pre-defined constant, and 𝑀𝑉 𝑖, 𝑗 ! ,
𝑀𝑉 𝑖, 𝑗

!

are the horizontal and vertical components of the motion vector for that pixel,

respectively.

The estimated depth map form motion parallax is block-based. In order to reduce
the blocking effect, we perform depth fusion of the block-based depth map and colorbased image segmentation for each frame. First, we apply color-based segmentation
using K-means clustering [52] to the original frames to identify objects. To separate
these objects, we define a global histogram threshold using Otsu’s method [53]. This
method computes a global threshold T from histogram counts, where T is a normalized
intensity value between 0 and 1. Then, we assign new depth values to these objects by
using the average of the depth values from the motion estimation depth map in the area
of the corresponding segment.
3.3.2 Outdoor Scenes

For outdoor scenes, we estimate the depth map using three depth cues: motion
parallax, blur, haze, and vertical edges. The process for extracting each of these
features is detailed below.

1) Motion Parallax

The motion parallax estimation technique is described hereinbefore under the
indoor scenes section.
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2) Blur

The blur estimation technique is described hereinbefore under the indoor scenes
section.

3) Haze

Haze is an atmospheric diffusion of light that results in contrast loss effect in
images. It can be usually observed in outdoors images, where objects in the far distance
experience more haze than objects that are in close range.

The extent of haze is reflected in dark channel values, such that smaller dark
channel values mean smaller amounts of haze and smaller depth. Therefore, for each
4x4 pixel block, we determine the minimum value for the red, green, and blue channels.
This results in three values, where each value is the minimum for each channel within
the block. From these three values, we select the minimum one that will represent the
dark channel value of the block. This haze extraction approach is defined as follows [54]:

𝐼!"#$ 𝑥, 𝑦 =    min!∈(!,!,!) min(!,!)∈! 𝐼! (𝑥, 𝑦)

(26),

where Ω denotes the 4x4 pixel block and 𝐼! (𝑥, 𝑦) represents the minimum values for
each spatial location in the red, green, and blue channels within the pixel block.

The depth map is then calculated based on the dark channel prior:

𝐷 𝑥, 𝑦

	
  

!"#$

=   1 − 𝑐(𝐼!"#$ 𝑥, 𝑦 )

(27),
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where 𝑐 is a constant parameter for adjusting the amount of haze for distant objects. In
this thesis, the value of 𝑐 is set to be 0.95.

4) Vertical Edges

For the same vertical coordinate, objects with larger vertical edges appear closer
compared to the objects with smaller (or without) vertical edges. According to [27], the
presence of vertical edges indicates the presence of vertical objects. To detect the
vertical edges within each frame, we find the horizontal gradient value for each block.
This is achieved by performing 2D convolution with a 4x4 mask that is defined as
follows:

𝑣 𝑥, 𝑦 =   

(!,!)∈!

!(!,!)
!

(28),

where Ω represents the 4x4 block, M is the number of pixels in that block, and 𝑣(𝑥, 𝑦)
denotes the horizontal gradient value.

To identify objects with larger vertical edges, we apply color-based segmentation
using k-means clustering [52] to the original 2D frame. Then, we assign low depth
values to objects with larger vertical edges, and high depth values to objects with
smaller vertical edges.
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3.4 Depth Map Generation

We estimate our depth map in two steps. First, we estimate depth values at
edges. Then, we propagate these depth values to the rest of the image. Our assumption
is that depth varies smoothly over the image except in the areas with significant
frequency content where change in depth reaches its maximum value. Therefore, we
compute depth values at the edges to get reliable depth estimation in those areas.

In previous subsections, different features were obtained to generate four and
three depth maps for indoor and outdoor scenes, respectively. In our work, we use linear
depth fusion to estimate the combined depth values at the edges. For indoor scenes, the
depth values are computed as follows:

𝐷!"#$$% =    𝜔! . 𝐷! +    𝜔! . 𝐷! +    𝜔! . 𝐷! + 𝜔! . 𝐷!

(29),

𝜔! +    𝜔! +    𝜔! + 𝜔! = 1

(30),

with:

where 𝜔! , 𝜔! ,  𝜔! , and 𝜔! are pre-determined weighting parameters of blur, linear
perspective, occlusion, and motion parallax, respectively. These weighting parameters
are determined empirically. Likewise, the combined depth values for outdoor scenes are
calculated:

𝐷!"#$!!% =    𝜔! . 𝐷! +    𝜔! . 𝐷! +    𝜔! . 𝐷!

	
  

(31),
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where 𝜔! , 𝜔! , and  𝜔! are weighting parameters for blur, haze, and vertical edges,
respectively.

In our implementation, we detect edges using the canny edge detector [55]. Next,
we estimate depth values for edge pixels using the combined depth values. This process
provides us with a sparse set of depth values at the edge locations of the frame.
However, noise and weak edges may cause inaccurate depth estimates at some edge
locations. To solve this problem, we apply joint bilateral filtering [30] on the sparse depth
map to supress the influence of these outliers and correct the inaccurate depth values
using their adjacent depth values along the edge .

In order to obtain the full depth map, we need to find a way to propagate the
sparse depth map to the entire frame. Edge-aware interpolation method introduced in
[56] has been used for similar purpose in [23], [54], [57]. Therefore, we formulate an
optimization problem to find the full depth map that is close to the sparse map as follows:

𝐿 + 𝜆𝐷! 𝛼 =   𝜆𝑠,

(32),

where α denotes the full depth map, s is the sparse map, 𝜆 is a scalar that balances
between the sharpness of the sparse depth map and the smoothness of the full depth
map, Ds represents a diagonal matrix whose diagonal element is 1 for sparse pixels and
0 otherwise, and    𝐿 is a matting Laplacian matrix [56]. To solve the optimization problem
in Eq. (23) and find the full depth map, we consider the depth map to be the global
optimum of the following cost function:
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𝐽 𝛼 =    𝛼 ! 𝐿𝛼 + 𝜆 𝛼 − 𝑠 (𝛼 − 𝑠)  

(33).

Minimizing this cost function allows us to find the globally optimal estimate for full
depth map based on the sparse depth map.

Considering the dimensionality and computational cost of solving this linear
system, we down-sample each frame by a factor of 4 as a pre-processing step and then
up-sample it by 4 after applying the Edge-aware interpolation. Our tests have shown
that this does not affect the results.

As noted above, the depth map for each depth cue is estimated by referring to
only one frame or two consecutive frames. This frame-by-frame estimation has the
disadvantage of unstable depths, especially when the depth cue fluctuates due to
varying lighting. In addition, large depth variations may result in a discontinuity or
bending of the object contours after image rendering. To address these issues, we
apply a temporal median filter [31] to the full depth map before it is used for image
rendering.
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Chapter 4: Evaluation
4.1 Result

	
  

(a)

(b)

	
  

(c)
Figure 4.1. Experimental results of an indoor scene, (a) original image, (b) depth map generated by
defocus, (c) estimated depth map by the proposed scheme.
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For evaluating the performance of our method we compared it with the defocus
depth estimation method [23], since the latter also uses image matting for depth map
generation. Figures 4.1 (a), (b) and (c) show an original image, the depth map generated
by the defocus method, and the depth map estimated by the proposed scheme,
respectively. We observe that the depth order in the depth map generated by our
approach is correct, as the coffee table appears to be closer to the viewer than the couch
and the wall, while in the defocus results, the depth values seem to be assigned
incorrectly.

Fig. 4.2 (b) shows the depth map generated by the defocus method while Fig. 4.2
(c) shows the depth map generated by our proposed approach for the same original
scene. We can observe that the defocus method wrongly assigns the region of the depth
map enclosed by the red rectangle as part of the background and not the flowers.
Overall, the depth map created by our approach produces more accurate results.

(a)

(b)

(c)

Figure 4.2 Comparison of our method with defocus estimation method, (a) original 2D scene, (b)
depth map estimated by defocus method, (c) depth map estimated by proposed scheme
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(a)

(b)

(c)
Figure 4.3 Experimental results of a natural image, (a) original image, (b) depth map generated by
defocus, (c) estimated depth map by proposed scheme.
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Furthermore, Fig. 4.3 demonstrates a natural image and the estimated depth
map using our scheme and the depth map estimated based on the defocus method. We
notice that the depth map estimated by our method successfully captures the
continuous change of depth from the bottom to the top of the image, while the depth
levels are not differentiated accurately in the one generated by defocus estimation
where further objects have the same depth level as the close ones.	
  

Fig. 4.4 and Fig. 4.5 show a snapshot of the original indoor and outdoor 2D
videos, respectively. They also show the provided ground-truth depth maps, the depth
maps estimated by our proposed approach, and the ones generated by [23]. As it can be
observed, the depth maps generated by our method provide much more details and
information compared to the ones produced by the method proposed in [23]. Table 1 and
Table 2 present the weighting parameters for each depth cue to generate the depth
maps by our approach.

In the balloon snapshot, Fig. 4.4 (a), the scene mainly encloses a number of
balloons on the floor with different depth order. Our method captures this difference in
the depth order (Fig.4.4 (d)), better than the defocus approach (Fig. 4.4 (c)). This is
because in our proposed scheme, we try to adopt human visual perceptions (motion
information, occlusion, blur, and linear perspective) to estimate the depth map.

Fig. 4.4 (e) shows an image of the Poznan Hall, the depth map generated by our
scheme in Fig. 4.4 (h) is similar to the one generated by the defocus (Fig. 4.4 (g)) to
some extent, where both schemes capture more details than the original depth map Fig.
4.4 (f). However, our depth map is slightly better than the defocus one. We can notice
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that the walls behind the stairs are supposed to be farther away from the viewer, hence,
they should have higher depth values and this is the case in our estimated depth map.

For the Kendo sequence shown in Fig. 4.4 (i), we can observe that our depth
map (Fig. 4.4 (l)) mimics the original one shown in Fig. 4.4 (j), yet it captures more
details. The depth map produced by the defocus method Fig. 4.4 (k) fails to assign the
correct depth values for the smoke.

Furthermore, the depth map estimated by our proposed method for the
newspaper scene and shown in Fig. 4.4 (p) surpasses the one produced by the defocus
Fig. 4.4 (o).

Indoor
Sequence

Weight of Blur

Weight of Occlusion

Weight of Motion

(𝝎𝑩 )

Weight of Linear
Perspective
(𝝎𝑳 )

(𝝎𝑶 )

(𝝎𝑴 )

Balloons

0.15

0.10

0.45

0.30

Poznan
Hall

0.10

0.20

0.35

0.35

Kendo

0.25

0.15

0.30

0.30

Newspaper

0.20

0.15

0.40

0.25

Table 4.1 Weighting parameters for depth maps of indoor videos
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

Figure 4.4. (a, e, i, m) original 2D videos, (b, f, j, n) ground-truth depth maps, (c, g, k, o) depth
maps generated by defocus method, (d, h, l, p) estimated depth maps by our approach

In the ghost town fly image shown in Fig. 4.5 (a), the scene mainly contains a
town in a desert where buildings are present at the top of the image. As shown in Fig.
4.5 (d), our approach is able to produce very realistic depth information compared to the
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original depth map in Fig. 4.5 (b), where the buildings and the cacti details are
accurately captured.

In Fig. 4.5 (e), the Poznan street scene includes cars and buildings. The depth
map estimated by our scheme (Fig. 4.5 (h)) captures more details than the original
depth map (Fig. 4.5 (f)), which only captures the presence of the cars. We can also
notice that the depth map produced by the defocus method in (Fig. 4.5 (g)) has wrong
depth values. For the Bee sequence, we observe, once more, that our method is able to
very accurately generate the depth map.

Outdoor
Sequence

Weight of Blur

Weight of Haze

Weight of Vertical Edges

(𝝎𝑩 )

(𝝎𝑳 )

(𝝎𝑶 )

Ghost Town Fly

0.25

0.45

0.30

Poznan Street

0.35

0.20

0.45

Bee

0.50

0.20

0.30

Table 4.2 Weighting parameters for depth maps of outdoor videos
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(a)

(b)

(c)

(d)

	
  

(e)

(f)

(g)

(h)

	
  

(i)

(j)

(k)

(l)

	
  

Figure 4.5 (a, e, i) original 2D videos, (b, f, i) ground-truth depth maps, (c, g, k) depth maps
generated by defocus method, (d, h, l) estimated depth maps by our approach.
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4.2 Quantitative Evaluation
4.2.1 Subjective Evaluation Setup

We subjectively evaluate the performance of our method using the test
sequences provided to MPEG for 3D CfP [37] and FTV CfE [38]. For indoor scenes, we
used the sequences presented in Table 3. For outdoor scenes, we use the sequences
presented in Table 4. These sequences are provided with high quality ground-truth depth
maps. Only one view (the right view) within each multi-view video was used: view 3 of
the Kendo, and the Poznan Street, view 1 of the Balloons, the Newspaper, and the
Ghost Town Fly, and view 5 of the Poznan Hall. The left view for each sequence was
synthesized using the existing VSRS package (version 3.5) [58].

Test Sequence

Size

Frame Rate

Number of frames

Balloons

1024x768

25 fps

250

Poznan Hall

1920x1088

25 fps

200

Kendo

1024x768

25 fps

250

Newspaper

1024x768

25 fps

250

Table 4.3 Indoor scenes video sequences

	
  

49	
  

Test Sequence

Size

Frame Rate

Number of frames

Poznan Street

1920x1088

25 fps

250

Ghost Town Fly

1920x1088

25 fps

250

Bee

1920x1088

25 fps

240

Table 4.4 Outdoor scenes video sequences

We subjectively evaluate the visual quality of the 3D video streams generated by
our method against the defocus approach and the existing state-of-the-art automatic 2Dto-3D conversion of a commercial LG 3DTV. This evaluation is done according to the
Recommendation ITU-R BT.500-13 standard using a single stimulus method for the test
sessions and an “adjectival categorical judgment method” for the ratings [59]. Each test
session was designed according to the single stimulus method, such that the videos of
the same scene generated based on different schemes were shown to the observers in
a random order, and the subjects were rating each and every video. There were five
discrete quality levels (1-5: bad, poor, fair, good, excellent) for rating the videos, where
score 5 indicated the highest quality and score 1 indicated the lowest quality. In
particular, subjects were asked to rate a combination of “natural-ness”, “depth
impression” and “comfort”.
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Number of Subjects

Male

Female

Age range

Outliers

18

10

8

19 – 34 years old

2

18

15

3

24 – 36 yeas old

1

Indoor
Sequences

Outdoor
Sequences

Table 4.5 Details about the participants in our subjective evaluation for the 3D video quality of the
indoor and outdoor categories.

As shown in table 5, for indoor sequences, eighteen adult subjects including 10
males and 8 females participated in our experiment. The subjects’ age range was from
19 to 34 years old. While for outdoor sequences, eighteen adult subjects including 15
males and 3 females participated in our experiment. The subjects’ age range was from
24 to 36 years old.

Prior to the tests, all the subjects were screened for color blindness using the
Ishihara chart, visual acuity using the Snellen charts, and stereo vision using Randot test
(graded circle test 100 seconds of arc). Those subjects that failed the pre-screening test
did not participate in the test.

The evaluation was performed using passive glasses on a 55” LG OLED smart
TV with cinema 3D of 1920x1080 resolution. After collecting the subjective results, the
outlier subjects were detected according to the ITU-R BT.500-13 recommendation in
[59].
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One outlier was detected for indoor sequences, and two outliers were detected
for outdoor sequences. Those outliers were removed from the test results. The Mean
Opinion Score (MOS) for each impaired video was calculated by averaging the scores
over all the subjects with 95% confidence interval.
4.2.2 Discussion

Fig. 4.6 and Fig. 4.7 show the mean opinion scores for the test sequences. The
black bar on each graph shows the 95% confidence interval viewers. As it can be
observed in both figures, for all the sequences the scenes produced by our approach
scored higher than those generated by defocus’s and LG’s approaches, confirming the
superior performance of our technique.

In summary, our evaluations confirm the high performance of our proposed
scheme for estimating depth map for scenic views. Based on our experiments, the
proposed scheme is computationally inexpensive and has a great potential for real time
applications.
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(a)

(c)

(b)

(d)

Figure 4.6 Mean opinion scores with 95% confidence interval for 3D visual quality of indoor
scenes: (a) Balloons, (b) Poznan Hall, (c) Kendo and (d) Newspaper sequences generated using
our proposed framework, defocus, and LG approaches
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(a)

(b)

(c)
Figure 4.7 Mean opinion scores with 95% confidence interval for 3D visual quality of outdoor
scenes: (a) Ghost town fly, (b) Poznan street, and (c) Bee sequences generated using our
proposed framework, defocus, and LG approaches

	
  

54	
  

Chapter 5: Conclusion and Future Work
5.1 Conclusion

This thesis presents a real-time 2D-to-3D conversion method that generates a
high-quality depth map based on the video content. We classify the 2D videos into indoor
or outdoor categories using SVM in accordance with the spatial envelope properties of
the scene.

Based on the classification results, we estimate the depth map for each video
frame using different depth cues. For indoor scenes we use four depth cues: 1) blur, 2)
motion, 3) occlusion, and 4) linear perspective, while for outdoor scenes we use three
depth cues: 1) blur, 2) haze, and 3) vertical edges.

Using these cues, we first estimate a sparse depth map for the edge-included
regions of each frame (we use canny edge detector for identifying these regions). We
then apply a joint bilateral filter on the sparse depth map to refine inaccurate depth
estimations. Next, we propagate this sparse map to the entire frame in order to obtain
the full depth map by solving an optimization problem. Finally, we apply a temporal
median filter to the estimated depth map as a post-processing step to ensure temporal
consistency and prevent flickering effect.

We compared the depth map created by our method to the original provided
(ground-truth) depth maps showing that our results provide realistic depth information.
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Further, our experimental results from subjective tests show that the proposed
scheme outperforms the defocus estimation method and the existing state-of-the-art 2Dto-3D technique offered by the LG OLED displays.
5.2 Future work
The work in this field (i.e., depth map estimation) is not exclusive to 2D-to-3D
conversion application. MPEG is currently exploring a new technology called FTV (Freeviewpoint Television) that enables the user to view a 3D world by freely changing the
viewpoint. This technology, unlike regular 3D, exploits arbitrary camera arrangements
including arc and 2D parallel settings. FTV applications include: Super Multi-view Video
(SMV), Free Navigation (FN), and 360-degree 3D video. High quality depth data are
essential in these applications.
For SMV applications, hundreds of dense views, which are configured in an arc
(Figures 5.1 and 5.2) or linear (Figure 5.3) arrangements, are rendered to provide a
very pleasant glasses-free 3D viewing experience with wide viewing angle, smooth
transition between adjacent views, and some walk-around feeling on foreground
objects. Therefore, a high quality depth map is desired for such application.

Figure 5.1 Arc Camera Arrangements for SMV [60]
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Figure 5.2 Arc camera setup used in production of “Poznan Test” sequence [60]

Figure 5.3 Linear Camera Arrangements for SMV [60]

With FN systems, the viewer virtually navigates in a scene by choosing by
himself/herself the trajectory of virtual viewpoints. The source of data for FN is a sparse
number of views (i.e., 6 – 10 views) with arbitrary positioning and wide baseline
distance between each view, as shown in Figure 5.4. The input views require a high
quality depth data in order to render the arbitrary virtual viewpoints.
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Figure 5.4 Linear Camera Arrangements for SMV [61]

Another FTV application is 360-degree video as shown in Figure 5.5. Such video
covers Free Navigation requirements, not only for the 360-degree panoramic all-around
viewing, but also for stereo parallax, i.e., when having a micro-movement of the head
forward/backward or left/right around the center of the 360-degree circle, the
occlusions/disocclusions around the object edges should change as one would
experience in visualizing the real world. Consequently, novel views have to be
synthesized constantly from the original image and depth data that will be transmitted.

	
  

58	
  

Figure 5.5 360-degree 3D application system [62]

In conclusion, the depth map estimation technique developed in this thesis could
be the foundation of a more general approach that extends its use to consider dense
and arbitrary camera arrangements.
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