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ABSTRACT

Images compress three-dimensional visual data to two-dimensional which exclude the
third dimension of depth. Many different approaches to estimate depth information from
single images have been taken towards solving this problem and significant progress has
been made on the field during the last decade. But, the intrinsic limitation of these
approaches is the loss of depth characteristics during the projection of the scene into the
image plane. An advantage of these approaches is the relatively low amount of operations
needed to process one single image, instead of two or more. However, even though many
depth map generation algorithms have been developed, accurate estimation of depth

information from natural scenes still remains problematic.

To confront this issue, an approach is proposed in this dissertation to estimate accurate
depth maps by using information from a single small-scale blurred image. The method
takes the advantage of sharpness map to estimate the amount of spatially varying subtle
defocus blur. By using edge information and applying a joint bilateral filter, a sparse
depth map is obtained. Then, matting Laplacian interpolation algorithm is applied to

attain a full depth map.

This dissertation also introduces a new technique for converting the two-dimensional
image back to three-dimensional with the help of recovered depth map. The evaluated
depth estimates are added back to the corresponding two-dimensional (2D) image to give
a three-dimensional (3D) impression to it. The robustness of proposed depth map
estimation techniques are tested by several experiments and results are compared with the
other well-documented methods, visually and quantitatively. When compared with J. Shi
et al. [44], the average decrease in relative error, 1og10 error and root mean square error
for real images used in this dissertation is 0.472, 0.1975, and 0.1952 respectively. The
obtained results validate the effectiveness of proposed depth map estimation approach.
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CHAPTER 1
INTRODUCTION

The brick walls are not there to keep us out.
The brick walls are there to give us a chance
to show how badly we want something.
Because the brick walls are there to stop

the people who don ‘t want it badly enough.
Randy Pausch [1960-2008]

1.1 Preamble

Images have been the most attractive intermediate to envision the information. They
include a rich visual detail of a structure and are straightforward and simple to obtain,
view, share, and publish. However, when a three-dimensional (3D) scene is projected
onto a two-dimensional (2D) plane, the third dimension of depth is lost. This makes
severe constraints to applications like image recognition, manipulation, and depth-
enhanced image editing [1]. The most challenging job in computer vision is to retrieve
this lost depth details. Photographs that have a feeling of depth are dynamic and
powerful. Capturing a picture with a sense of depth and perspective, though, can be tricky
because photography is very much a two-dimensional art form while eyes see everything
in three dimensions. One way to give a three-dimensional impression is by adding depth

to photographs.
1.2 Three-Dimensional Images and Generation Techniques

3D images have provided a substantial improvement in the visual quality as compared to
2D images. They allow us to view a rich 3D world, not a flat one as with the standard 2D
images. 3D means the object has height, width, and depth. Human beings are able to
identify the spatial interconnection between objects just by seeing them because the
humans have 3D perception, generally called as depth perception. The retina creates a 2D

image in each eye. These two images are processed by the human brain which develops a



3D visual experience. Besides having a vision with both eyes (stereoscopic vision),

people having one eye (monocular vision) can also realize the 3D world.

The following sections provide an overview of different 2D-to-3D conversion algorithms.
The 3D creation is accomplished in a variety of different manner. 3D information can be
directly achieved from a scene and simultaneously 3D content is produced which is
appropriate for 3D television (3DTV). But it requires segmentation of video frames
which is why real-time conversion is explicitly disputable. Other ways of generating 3D
data reuse the existing 2D content and include depth information to it so as to convert it
to 3D.

1.2.1 Cut-and-Paste Technique

A stereoscopic 3D image is actualized easily by making use of original 2D image and
considering it as a left eye image. By shifting local regions of this image horizontally, the
right eye view is attained. This method of generating 3D stereoscopic is named as a cut-
and-paste technique [2]. Image segmentation methods are used for the segregation of
local regions. The approach is well-suited for those images in which the objects are
conveniently distinguished. Instead of assigning the depth to each pixel, it considers each
object as independent unit and assigns depth to it. Therefore, the rendered objects might
appear flat and impractical.

1.2.2 Depth Map Generation

The most frequently used methods for 2D-to-3D conversion incorporated depth
information estimation. Depth estimation refers to a mechanism of restoring the third
dimension from a 2D image, i.e., the distance measure of each pixel of an image. Mainly,
there are two paradigms of representing depth map. First one utilizes the gray scale
intensity to present the depth of every pixel. The example is shown in Figure 1.1, where
Figure 1.1 (a) depicts the original image, Figure 1.1 (b) displays the corresponding depth
information in which the darker pixel refers to the points that are nearby to the camera

and lighter pixels are the points far away from the camera. The other paradigm is the



color representation which makes use of colors to represent depth maps. In Figure 1.1 (c),

red-black colors indicate further pixels whereas blue-dark colors are nearer points.

@ | (b)

Figure 1.1: Different types of depth maps, (a) Input image, (b) Gray scale representation
of depth map, and (c) Color representation of depth map [3].

1.2.2.1 Disparity Estimation Method

The basic principle of converting 2D-to-3D is built upon the binocular transform of the
human optical setup of two marginally distinct images, subject to stereoscopic view. The
horizontal disparities existing in the left, as well as the right eye images, are mutated into
distance information. By implementing the number of steps, calibrate the images,
distortion correction and image pre-processing, the disparity map is obtained. This
information is then used to observe the objects at distinct depths apart from the 2D plane.

The amount of horizontal shift between the pixels of both the images relies upon the



inter-lens separation and the range of the object to the camera. It is significant to note that

this technique requires the usage of a stereoscopic camera for capturing the two views.
1.2.2.2 Depth Map Generation from Blur

The focal parameters of the camera have a great influence on the recorded image. There
is a straightforward connection between the distance of the object to the camera (depth),
and the blur quantity existing in the image. This connection between the two can be used
to formulate the fundamental concept of generating Depth-from-Defocus (DFD) [2]. The
approach, however, is not that easy for the reason that there are many other sources of
blur such as lens peculiarity, motion blur, atmospheric obstruction and fuzzy objects [2].
This approach is greatly allied to the Shape-from-Defocus (SFD) algorithm [4] in which
the information about the extent of blur is obtained by applying blur estimation

technique.

1.2.2.3 Depth Map Generation from Focus

e

surface

............. ===-====-- focused plane

surface

translational stage

n=2_______ITI[ZITTCCCC ad " :
N R - reference plane

Figure 1.2: Depth map estimation using focus [5].

The Depth-from-Focus (DFF) method [5] depends on a sequence of images of the same

scenery with distinct focal levels by alternating the camera range with respect to the



scene. This technique is very similar to the class of techniques utilizing blur. The only
difference is that the depth map formation using defocus cues desire only one, two, or
more images with the immovable camera and object positions, and utilize distinctive

camera focal settings.

Figure 1.2 exemplifies the major principle of the DFF algorithm [5]. An object with
erratic surface approaches towards the camera (optics) from the reference level and is
located at the translational stage. The surface element on the object eventually becomes
focused and achieves maximum sharpness at the time it reaches the focused plane.
During the course of this mechanism, the shifts in the translational stage are recorded and
the depth values relative to this stage is determined. Employing the similar process to the

entire surface elements, a dense depth map is produced.
1.2.2.4 Edge Detection based Depth Estimation

These methods make use of “surrogate” depth maps which incorporate depth information
at the edge locations and object boundaries of the image. Many regions of these depth
maps are either absent or have imprecise depth information. However, it was figured out
that the human visual structure integrates the available facts together with the depth cues
to render the missing image locations. The depth maps are comparatively easy to form

and are suitable for the applications in which depth accuracy is not demanding.
1.2.2.5 Depth Estimation from Geometric Perspective

The method of generating depth maps from linear and gradient perspective cues is
probably more suitable for 3DTV [2]. Firstly, color segmentation is performed on a
single input image. By recognizing straight lines in the image, the areas with the majority
of intersection are well chosen to be vanishing points and the lines closer to these points
are considered as vanishing lines which take care of linear perspective of the depth.
Hence, with the vanishing point being at the furthest distant, different depth gradients are
generated depending upon the slopes of the vanishing lines. Fusion of this geometric
depth with the depth data of objects which is introduced by early image segmentation is

then performed to produce “natural” depth map. Figure 1.3 demonstrates the technique



and the produced depth map in which a blackish gray level signifies a higher depth value.
Additionally, the vanishing points are indicated by green colored points and red lines

correspond to vanishing lines.
1.2.2.6 Depth Map Generation from Motion

The fundamental principle of generating depth maps is dependent on the motion of
parallax, i.e., how points move relatively to one another with respect to head movements.
Nearby objects move faster than the faraway objects and therefore gain a higher depth
value than the background objects. In this way, relative motion can be used to estimate

the depth map.

(a) Left case (b) Right case (c) Up case

-

Figure 1.3: Gradient plane assignment [6].

%

(d) Down case

1.2.2.7 Shading Method

The Shape-from-Shading (SFS) [7] method refers to the reconstruction of 3D shapes
from intensity images by utilizing the relation between surface geometry and brightness
of the image. The gradual variation of surface shading in an image reveals the shape
information of the objects. Most of the SFS algorithms make use of the Lambertian

reflectance model. A uniformly illuminated Lambertian surface looks identically bright in



every manner. Calculation of the depth map requires solving complex equations and

therefore, the technique is considerably complicated.
1.2.3 MakeMe3D Software

The MakeMe3D software [8] uses self-developed object recognition and motion analysis
to perform the 2D-to-3D conversion. This technique is mainly based on the Depth-from-
Motion (DFM) concept as explained in section 1.2.2.6. The technique used by
MakeMe3D is called “Morph3D” and is supposed to achieve good results for movies
with image movement rotating around an object, but has difficulties creating a depth

effect in scenes lacking image movement.

To enhance the 3D effect, two parameters can be adjusted: a negative and a positive
percentage indicating the value of depth and the used frame offset. All the negative
percentages bring the image to the back and all the positive percentages bring it to the
front. MakeMe3D predicates the computation for the depth effect upon the analysis of a
number of single frames. The default value is ‘1’ which means that the analysis considers
frame ‘0’ as well as frame ‘1’. When adjusting the value to ‘2°, the algorithm considers
frame ‘0’ and ‘2’ and skips frame ‘1’. It skips the image in between, which results in a

better three-dimensionality for movies with little motion.
1.3 Image Formation Model

A Dbrief understanding of image formation in a conventional camera is also deliberated in
this chapter. When a scene is captured, whether in reality (photography) or from the
computer (rendering), dissimilar images are created based on the setup of the camera.
Depending on the parameters of lens and camera, the output image may distort or blur.

The two utmost used camera models are described in the next sections.
1.3.1 Pinhole Camera Model

It is the simplest and straightforward model available which is used in various real-time

computer graphics application. The pinhole camera has a small aperture and the lens is



also absent. Light emerging from a scene goes through the aperture and reaches the
image plane forming a sharp image because only one ray per pixel is permitted through
the hole. Figure 1.4 illustrates the working of this model where a single ray hits the image
plane resulting in a focused image. This model can be effortlessly achieved, reflecting the
main reason why it was frequently used in the past. The amount of light entering the
aperture can be increased if the aperture size is large. However, this phenomenon will
result in a decrease of sharpness level in the image formed. So, a new model is developed
to refocus the image, which is discussed in next section.

Image Plane

3D Object

Pinhole

le—— Focal Length ——

Figure 1.4: Pinhole camera model [9].
1.3.2 Thin Lens Camera Model

In this section, we will examine a widely used thin lens model [9, 10]. Digital imaging
devices are preferred in various imaging areas including consumer photography, medical
imaging, astronomical photography, aerial imaging, microscopy etc. But, entire imaging
system goes through two frequent distortions, i.e. blur and noise. Conventional cameras
having low f-number have a little depth of focus, which generally leads to defocus
blurring. Small-scale defocus last in almost every image. This model converges a cluster
of light rays emitted from each point in a scene by using a thin lens. The rays are

refracted by the lens and thus refocused to a point either onto or beyond the image plane.

8



If the bundle of rays gathers onto the image plane, the image produced will be in focus.
On the other hand, if the rays unite at a point beyond the image plane, they will form a
Circle of Confusion (CoC) [11] as depicted in Figure 1.5. The diameter of CoC defines

the measure of defocus as:

- g
- d N(d-f,)

(1.1)

where, d; is the distance of focus, d is the distance beyond the focal plane, f, refers to

the focal length of the camera and N is the stop number.

Image Plane
la
3D Object
Circle Of
T Confusion
u v

Figure 1.5: Thin lens model [9].
1.4 Three-Dimensional Image Formation

The deficiency of 3D contents has become a severe bottleneck for the complete 3D
system. It includes the generation of 3D contents and its representations, transmission,
visualization and coding. Various techniques have been proposed in recent years such as
holographic techniques, volumetric 3D display, multiview and binocular autostereoscopic

displays. Presently, the production cost is very high and therefore, there is an urgent need



of efficient 2D-to-3D conversion techniques. This section is about the generation of 3D

image techniques which utilize either multiple images or a single image.
1.4.1 Using Depth Cues in Still Picture

For static images, disparity extraction method is applied which is dependent on the
contrast, the sharpness, and the chrominance (croma). Sharpness is related to high spatial
frequencies, whereas the contrast is affiliated to intermediate frequencies. Chroma
belongs to the tint and the hue of the color. This technique which is established onto these
parameters is known as the computed image depth (CID) algorithm [12, 13, 14] which
converts still 2D images to 3D images. The near and far positional relationship between

the objects is recognized by the sharpness and contrast existing in the input image.

2D Images

3D Image Generation
Generate 3D Images according to
the Iimage Depth Parameters

Image Depth Computation
Compute Image Depth with the ’ Image Depth

Contrast. the Sharpness and the Parameters
Composition of the 2D Image

Left Image

Figure 1.6: Workflow of computed image depth method [15].

CID mainly constitutes the following two steps. The computation of depth is the initial
step that estimates the parameters of depth from the contrast, sharpness, and chroma of
the image. The next step is the generation of the 3D images which is achieved in
accordance with the depth parameters. Figure 1.6 demonstrates the fundamental basis of
CID.

10



Firstly, the amount of sharpness, contrast, and chroma of every separated area in the
given image is calculated. In addition to this, the neighboring areas which have nearly
similar colors are arranged together in accordance with the chrominance values. The
depth estimation process utilizes the contrast and the sharpness values. The objects that
are closer exhibit a larger contrast as well as sharpness in comparison to the objects
positioned at a further distance. Adjacent areas have nearly same chroma values, hence
signifying that they have the similar depth. The three parameters used here grant the
depth classification as far—mid—near shown in Figure 1.6.

Secondly, the process of 3D generation produces the pair of both eye images in
accordance with the parameters of every grouped region. If the region parameters imply
near, the left images are produced by transferring the input images to the right. Also, the
right images are created by transferring them to left. However, if the parameter of a
region denotes a far, the two are made by transferring to every opposite direction. The
horizontal transfer value of every separated region is proportional to the 3D effect.
Furthermore, when the depth parameters change abruptly, the changed images become
tough to watch. Therefore, every transferred value adjusts to decreasing the quick
changes of the depth parameters among the adjacent regions which result in the
generation of 3D pictures which are easy to visualize. The CID is specifically appropriate
for transforming still pictures as it doesn’t require any motion of the objects in the

pictures.
1.4.2 Using Depth Map

Three attractive features in calculating the depth information of images are used, which
are as follows: gray scale analysis, relative spatial setting, and multiview 3D are
rendering. A colored picture is easily transformed to an intensity value | with a gray

scale as [15]:

(1.2)
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where, the right-hand side incorporates the magnitude of the colors. Figure 1.7 and 1.8
illustrates the gray scale conversion. The gray scale | is extended to |' ranging from

255 to 0 considering an 8-bit word by:

" (I B Imin)

This is known as the dynamic contrast enhancement. Figure 1.7 illustrates the appearance
of the picture after the completion of all the steps. In the further step, the luminance of
the image is reset by assigning a little luminance to the uppermost part that is eventually

occurring bright toward the lowermost part.

Dynamic
Origi Grayscale ’ Grayscale
original 1) aysca > contrast —> ays
Cconversioin narrow down
enhancement

Figure 1.7: The gray scale conversions of an image [15].

»  Delay
2D
2D+Depth D
RGB Grayscale G[:Iayscale Depth T D Output
Conversion AMow
ontra down
Enhancement
Spartial relative
Depth LUT

Line
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Figure 1.8: Block diagram for gray scale conversions [15].

After employment of the setting, the picture having darker gray color towards the bottom

denotes a very impressive sensation of depth.
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Figure 1.9: The pixel arrangement for four different views [15].

2D image Depth map

Figure 1.10: The 2D image and its depth map in the upper line. The four views are in the

lower line [15].
1.5 Applications

3D models and 3D viewing are catching great pace in the area of computer vision
because to its applicability in diverse fields of heath, aerospace, textile etc. 3D models
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have been utilized in a wide variety of industries. The medical industry operates them to
build detailed models. The movie industry employs them to manipulate characters and
objects for animation and real-life moving pictures. The video game production exploits
them to make resources for video games. The science section manages them to build
highly detailed models of chemical fusion. The architecture area uses them for making
models of advanced buildings and scenery. The engineering community makes use of

them to design new tools, motor vehicles, and constructions.
1.6 Organisation of Thesis

This dissertation is divided into five chapters. The first chapter introduces different types
of 3D image generation techniques which mainly focus on the approaches of depth map
generation. The second chapter presents an overview of the most relevant prior work of
depth information extraction. Chapter third analyses the problem of reconstructing both
the depth map and 3D image from the single small-scale defocused image. Experimental
results of the proposed depth estimation technique are given in the fourth chapter. It has
also been shown that the estimated depth maps can be used to generate 3D images. Also,
the performance comparisons are made with the previous methods. Finally, important
observations are made and useful conclusions are drawn in the last chapter along with a

discussion of the future scope of this work.
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CHAPTER 2
LITERATURE REVIEW

Experience is what you get when you didn ‘t get what you wanted.
And experience is often the most valuable thing you have to offer.
Randy Pausch [1960-2008]

2.1 Introduction

This chapter gives an impression of what is currently going on in the research area of 2D-
to-3D conversion. The motive of this review is to throw some light on the major state-of-
the-art technologies. The first part explains the concept of 3D scene capturing
technologies such as single camera, multi-camera, and holographic techniques.
Thereafter, the focus is on different depth estimation approaches. Finally, the
conventional methods of estimating depth maps are discussed to help understand the
methodology covered in this dissertation.

2.2 Scene Capturing Technologies

The capturing of the 3D content of dynamic scenes is undoubtedly vital for 3DTV
implementations. In what follows, methods for generating 3D scene from single and
multiple cameras data streams are outlined, as well as the holographic technique is
discussed [7]. While all techniques have their difficulties, the main point remains that
additional hardware or processing power is necessary to capture the depth information.

2.2.1 Single Camera Techniques

There exist several techniques for capturing 3D scenes by utilizing a single camera video
sequence, described as Shape-from-Motion (SFM) methods. Currently, the SFM seems to
be the best solution because of its applicability to general scenarios. All the other
techniques (e.g. Shape-from-Texture (SFT), Shape-from-Focus (SFF)) are only used to
achieve 3D shapes in controlled 3D environments.
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E. Stoykova et al. discussed the SFM technique [16] which attempts to resolve for 3D
geometry by making use of the relative motion of the camera and the viewed scene. This
kind of relative motion produces a relevant cue to depth impression and can be perceived
as a model of “disparity over time”. The motion field contains the 2D velocity vectors of
the image pixels, encouraged by this relative motion. Objects are assumed to be

undeformable and their movements to be linear.

There are Shape-from-Texture (SFT) mechanisms which can be used to create a good 3D
impression. A new technique which automatically selects scale is proposed by
T. Lindeberg et al. [17] that depend on normalized derivatives. It is utilized for adaptive
determination of the two-scale parameters in a multi-scale texture descriptor, the
windowed second-moment matrix, which is defined in terms of Gaussian smoothing, first
order derivatives, and non-linear pointwise combinations. The similar scale selecting
technique is made to work for multi-scale blob detection not having any tuning
parameters. The emerging texture description is then associated with different
presumptions regarding the texture of the surface for evaluating surface orientation.
Figure 2.1 shows a typical shape reconstruction based on texture features.

Figure 2.1: Shape-from-texture (From left to right: original image, segmented texture

region, surface normals, depth map and reconstructed 3D shape) [7].
2.2.2 Multi-Camera Techniques

Multi-camera setups capture a dynamic scene from multi-view points at the similar time.
Issues that relate to this kind of systems are synchronization and calibration of the

cameras.

A. N. Rajagopalan et al. [18] proposed a method of extracting depth from pictures taken

with real aperture camera by intermixing defocus and stereo cues. Markov random fields
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and suitable energy function are used to model the depth maps. The technique is
computationally less efficient but this method also attains simultaneous recovery of both

depth map and originally focused image.

U. Mudenagudi et al. [19] used two defocused stereo image pairs for measuring depth
information. The important advantage is that the recovery of the depth map and image
restoration is achieved simultaneously. The precision and quality of depth estimation are

much better in comparison to Depth-from-Defocus (DFD) methods.

A new approach named Spatial-Domain Convolution/Deconvolution Transform or S-
Transform method (STM) is given by M. Subbarao et al. [20]. The technique estimates
the distance of objects as well as fast autofocusing of the cameras. STM uses defocus
information of just two images captured with particular parameters of the camera like
lens position, the diameter of the aperture as well as the focal length of the camera. The
images are arbitrarily blurred. Hence, STM is fast when compared to Depth-from-Focus
(DFF) methods that look for the location of the lens or focal length of perfect focus. This
technique includes easy operations. Furthermore, it is very easily to retrieve the depth

information of the image.
2.2.3 Holographic Techniques

Holography [16] is an exclusive method which records and reconstructs the 3D
information of a picture. A hologram basically records the interfering pattern acquired
with the process of superimposing a reference beam with the scattering beam of the
object. In traditional holography, photographic films are utilized to register holographic
patterns and optical restoration is carried out. Recently, however, digital holography has
replaced holographic films with charged-coupled devices (CCD) and complementary
metal-oxide-semiconductor (CMOS) image sensors to record and numerically reconstruct
holograms. The fundamental procedure of recording a digital hologram is illustrated in

Figure 2.2.
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Figure 2.2: Device for recording digital holograms [16].
2.3 Depth Estimation Strategies

Depth estimation techniques are categorized into two main classes: active and passive

approaches.
2.3.1 Active Approaches

In these methods, a controlled beam of energy is sent and the reflected energy is then
processed. Auxiliary tools are employed for depth perception in addition to the camera.
These techniques are highly accurate but the disadvantage is the need of energy, high
complexity, and cost. Few of these methods are used to attain the ground truth depth

maps.

B. Girod et al. [21] presented a different range sensing algorithm that utilizes defocus of
the organized light beam to find out the depth. The technique is a continuation of the
initial passive Depth-from-Defocus (DFD) concept to an actively organized light beam
system. The improvement in this technique is done by utilizing anisotropic aperture or
astigmatic optics as the source of light. Both of these light sources use an isotropic well-

organized light arrangement and correlate blur in two perpendicular directions.
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Later, B. Girod et al. [22] proposed another efficient method in which a range camera is
equipped for the calculation of the distance to a scene by making use of a system which
throws a restricted depth of field light pattern towards the scene and estimates the
blurring of the pattern on that scene. This blurring is then deducted out to remove system
inaccuracy from the range measurement. The range camera is very effective to yield a
good range picture or depth map, with extra outputs granting localized albedo and a

traditional brightness picture.

The Time-of-Flight (TOF) principle is used by S. Schuon et al. [23] to estimate the time
taken by an emitted light pulse (e.g. IR LEDs, or Laser) to reach the camera sensor.

High-quality 3D measure of a static scene is achieved with the use of TOF camera.

J. Salvi et al. [24] suggested an algorithm in which they throw a light pattern and see the
lighted scenery from either one or several viewpoints. These patterns are coded and the
comparisons in image points and projected pattern points can be easily estimated. Then,

by using triangulation theory, 3D information is retrieved.

A different single view depth estimation system is proposed by F. M. Noguer et al. [25]
which depends on defocus of a scattered bundle of dots thrown towards the image for the
purpose of refocusing the image. The projected patterns of dots are depth clues for each
portion of the image which can be eliminated after estimating depth. The need of utilizing
a projector restricts its functional environment, for projectors are often inefficient for an

outdoor scene.

C. Hua et al. [26] proposed a depth map optimization approach to producing a high-
quality depth map. The approach is based on surface normal which is used to segment
image regions. The surface normal is computed by getting a normal vector for each point
after the pre-processing of the initial depth map and later, mean shift algorithm is used to
get segmentation results. The linear smoothing method is adopted soon after the direction
of every segmented block is figured out. Finally, the refined depth map is concluded by

combining the smooth factor and the initial depth cues.
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2.3.2 Passive Approaches

These are the methods which work in the presence of natural light and with the

information present in the images captured by the image sensors.

A novel method was proposed by N. Asada et al. [27] to retrieve the reliable edge and
depth information by integrating a set of multi-focus pictures, i.e., a series of images
captured by systematically changing the camera focus. The blur is then measured from
the difference in intensity beside the pixels in the multi-focus images. Such a blur
analysis enabled not only to detect the edge points without using spatial differentiation
but also to calculate the depth with high accuracy. In addition, the analysis result was
stable because the proposed method involves integral computations such as summation
and least-square model fitting. Two algorithms were presented: edge detection using an
accumulated defocus image which represents the spatial distribution of blur, and depth
estimation using a spatial-focal image which represents the intensity distribution along

focus axis.

A. Levin et al. [28] proposed an easy alteration to the traditional cameras by which the
simultaneous recovery of both high-resolution image and depth information is achieved.
A patterned occlude is placed inside the aperture of the camera lens which forms a
coded aperture. A criterion for depth discriminability is introduced which is utilized to
draft the required pattern of the aperture. By making use of a statistical model of images,
recovery of both depth map and a sharp image is accomplished. A layered depth map is
thereafter produced by the user-drawn strokes to simplify layer assignments in some

cases.

V. P. Namboodiri et al. [29] investigated the difficulty of extracting the depth layers of a
single blurred image. The inhomogeneous reverse heat equation is utilized to acquire the
amount of the blur which preserves the depth details distinguished by the defocus. But,
due to the parabolic nature, the reverse heat equation is varying. So, this equation made to
be stable with the usage of gradient degeneration considering it to be a productive
stopping benchmark. The quantity of diffusion is basically an estimate of relative depth.

Due to the ill-posedness, a graph-cuts algorithm is suggested to conclude the depth in the
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image which uses the measure of diffusion as data likelihood and a smoothness criterion

on the depth in the scene.

P. K. Chan et al. [30] also employed reverse heat equation for resolving the defocus cues
created by the depth of the lens through which the details of depth from a single image
can be extracted. Although several applications demand the depth map to be smooth, a
mean shift segmentation, and graph cut based technique is suggested to deduce the depth
information of an image. The important information lies in the energy function of graph

cut which preserves the depth map details.

A well-organized method to measure absolute depth using a single defocused image is
proposed by J. Lin et al. [31]. Rather than measuring defocus measure of every point, a
sequence of aperture shape filters is designed for the segmentation of a defocused image
according to the defocus value. A boundary-weighted belief propagation approach is
applied to acquire a polished depth map. Experimental outcomes proved that the
approach outperformed the previous single-image SFD algorithms both in the precision

of the calculated absolute depth and time taken for the implementation.

J. Konrad et al. [32] proposed an algorithm which is established on the distinct method of
learning the 2D-to-3D conversion using examples. Two classes of techniques are
introduced. The first method is dependent on learning a point mapping from local image
features like color, spatial position using a regression type idea. The other algorithm
globally estimates the depth map of the picture directly from a database of 3D images
(image+depth pairs) by making use of a nearest-neighbour regression type idea. The

computational efficiency of both the techniques is verified on various 2D images.

Two different techniques for depth map upsampling are suggested by C. Jung et al. [33].
An upsampling approach for depth using image decomposition is first proposed. The
colored image is segmented into its structure and texture layers, and by utilizing the
structure component, the reconstruction of depth values is done. Moreover, the structure
information based algorithm is expanded to a hybrid depth upsampling method. This
method takes the advantage of both structure and color maps. Experimental results
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demonstrated that the proposed depth map upsampling algorithms performed superior to

the earlier algorithms in terms of the bad pixel rate.

2.4 Conventional Methods

The depth estimation would is altogether a complex research area, where several
algorithms and setups have been presented. The previously discussed methods of
extracting out the depth can be broadly classified into six main classes as discussed in
Table 2.1.

2.4.1 Monocular Cues

There are a large number of monocular cues like variations in texture and gradients,
defocus, color, etc. which include helpful depth information. Extracting depth from only
one image by utilizing monocular cues demands a serious measure of previous
understanding since there exist an elemental uncertainty among local features of the
image and depth variations. Depth estimation from monocular cues is a difficult job,

which incorporates the global structure of the picture.

A supervised learning method is addressed by A. Saxena et al. [34] for evaluating depth
map by using a single monocular image. They utilize training set of monocular images
(of the unconstrained environment) and their correlative depth maps. By employing
Markov Random Fields (MRF) that included multiscale global and local image detail,
depths and relationship between depths are captured at the distinctive point. This
algorithm assesses the relative depth of scene quite well but fails in estimating absolute
depths. Also, this method incurs the largest error on images which is composed of very

irregular patterns, e.g. trees.

A fully automatic procedure based on image classification has been presented by
S. Battiato et al. [6]. The technique classifies digital images as indoor, outdoor without or
with geometric elements. This information is then used to calculate depth from a single
input image. This technique is purely unsupervised and requires low computational

devices. It is also well suited for real-time applications.
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Table 2.1: Classification of depth estimation strategies.

CLASS SUMMARY DISADVANTAGES

Class | This class is developed on human | The use of two cameras is the main
visual model, i.e. uses two | problem because it makes it expensive
cameras in sync placed on a |and useless if one of the cameras
horizontal plane with a specific | malfunctions. It requires mechanical
distance between them, and | moving and adjustment so as to focus
focuses on the same object on the same object.

Class Il | This class uses a single camera | It requires prior knowledge of the size
and measures the quantity of | of the object along with the focal
Image resizing in accordance with | length and other parameters of the
the camera movement to create the | camera lens.
3D effect.

Class Il | This class is used to develop the | Due to the employment of various
distance of moving objects. In this, | parameters, the computational
the camera is stationary and uses | complexity of the estimation model is
the following parameters to | very high.
compute the distance: maximum
velocity, little velocity changes,
coherent motion, and constant
motion.

Class IV | This class utilizes the sequence of | Depth map estimation is very difficult
images captured by the single | to estimate if the object is very near to
camera for estimating the depth | the camera.
map, from the geometric model of
the object and camera.

ClassV | In this class, the methods use | The calculations of PSF from the
blurry edges to calculate the depth | camera parameters and range of the
perception of the image. The | object to the camera are very large and
original image is observed as a | thus, difficult to compute.
convolution of the in-focus image
of the object with point spread
function (PSF). The PSF depends
on upon the parameters of the
camera and the range of the object
to the camera.

Class VI | This class utilizes auxiliary | The use of auxiliary devices along with

devices like LEDs to develop the
depth perception. The laser beam
is projected on surface and camera
captures the spots in the image
where LEDs are situated. The
triangulation of these spots with
respect to camera builds the depth
map of the image

the camera makes this model expensive
and complex to employ on general-
purpose scenarios.
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B. Liu et al. [35] make use of semantic segmentation of a scene to guide the possible 3D
reconstruction. Firstly, the semantic class of every pixel or region is predicted allowing to
model the appearance and geometry constraints that were not possible in previous works
(e.g. [34]), and then the depth map is estimated.

2.4.2 Stereo Cues

In computer vision and robotics, depth information can be acquired most often via stereo
vision, also known as stereo matching or stereo correspondence. In this process, images
from two different cameras (also called as stereo cameras) are utilized to triangulate and
evaluate distances. When the cameras capture the scene from two distinct angles, the two
images produced will be disparate. The stereo correspondence for images depends on
calculating this disparity. Later, the triangulation approach is employed to regain the 3D

structure.

Even though acceptable stereo vision systems are developed over the past few decades, it
is essentially restricted to the baseline range between the two dissimilar cameras.
Particularly, depth values are unreliable if the distance is large. Additionally, this
technique fails for the regions with less texture where correspondences cannot be

faithfully estimated.

Figure 2.3 shows the Tsukuba stereo image pair along with a disparity map [36]. The goal is
to search the matching pixels of the two pictures and value of the horizontal distance
between the two matching pixels which combine to form a disparity map. Then by
applying triangulation technique, a depth map is finally generated. In Figure 2.3, the
disparity is larger for the lamp and the head compared to the objects in the background.

While a huge count of techniques for stereo correspondence is invented, relatively less
amount of work is done on characterizing their performance. D. Scharstein et al. [37]
gave a taxonomy of dense, two-frame stereo methods. This taxonomy is modeled to
assess the different components and design decisions made in individual stereo
algorithms. Using this taxonomy, comparison of previous stereo methods and presented

experiments is done which evaluates the achievements of several different variants.
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(b)

(d)
Figure 2.3: The Tsukuba stereo image pair [36], (a) Left view, (b) Right view,

(c) Superimposed left and right view, and (d) Disparity map.

M. Z. Brown et al. [38] reviewed latest advances in computational stereo, focusing
importantly on three basic topics: correspondence methods, occlusion methods, and real-
time implementations. The tables are presented which compiles and draw a distinction

between key ideas and techniques.

Estimating the stereo images from the image series is a challenge for several years. F. Liu
et al. [39] proposed a method for estimating the disparity maps from stereo images. They
designed the temporal consistency of disparity maps by making use of scene flow. It is
built into the stereo model for the next frame as a soft limitation that helps in resolving
stereo vagueness from the temporal domain while in the intervening time reduces the

propagating error in the disparity maps.
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2.4.3 Camera Focus

object image plane

lens

o
S
—
>

]

—_rm—— e — - — —|—
—_——_—-—

c

!
1
!
1
N
1
1
1
1
NP
1
1

-_)E____

Figure 2.4: Width of blur of the point object [40].

When a point object is photographed from a camera, the image produced is also a point
object provided that the camera is correctly focused by the photographer. In case the
camera is not properly focused, the image produced of the point object is a circular disc
constituting the blurred region with some thickness. Figure 2.4 demonstrates that the
width b of defocused image has a point object P which is a function of model
parametersd, w, ¢, U and an object distance s. Using the geometric relationship of these

parameters, b is produced as [40]:

2.1)

where, B=w/d.

From the above equation, the depth s of an object is obtained from the width of blur b
[40],
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where,w, ¢, d and U are produced by zoom and focus settings. Thus, s is calculated
from the width of b at any settings of the three parameters. From a bundle of multiple

pictures captured by different parameters, a strong depth data is achieved.

S. K. Nayar et al. [5] presents a fully automatic Shape-from-Focus (SFF) method which
utilizes several divergent focus levels to retrieve a sequence of images. The sum-
modified Laplacian (SML) operator is well-established to supply local estimates of the
characteristics of focus. This operator is employed to the retrieved image sequence to
conclude a series of focus estimates at every pixel in order to obtain accurate depth

estimates.

A spatial domain convolution/deconvolution transform is described by G. Surya et al.
[41], for estimating the distance of objects using defocused image. The method involves
two defocused images captured with different aperture diameters. This method has less
accuracy as it only gives a rough measure of distance. However, this measure can then be
explicitly used by stereo algorithms to determine a more accurate estimate of distance.
Also, this algorithm reduces the accuracy when cameras have a large depth of field as it
minimizes the difference in blur between objects at varying distance. But this method is

fast when compared to Depth-from-Focus (DFF) methods.

S. K. Nayar et al. [42] presented a range sensor which is dependent on focus investigation
which creates a 512x480 depth map at 30Hz (video frame-rate). The textured and
textureless areas are retrieved by utilizing an illumination arrangement which is
protruded with the help of the similar light path utilized to obtain pictures. The
illumination pattern is optimized to increase the accuracy and the resolution in estimated

depth. The blur in the pictures is calculated by making use of narrow-band linear operator
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which is modeled by taking into consideration all the elements of the depth from defocus

system.
2.5 Gaps in Study

Previous depth estimation techniques concentrated on the use of binocular cues such as

stereo vision [37], which is generated by capturing two images of the same scene taken
from slightly disperse locations. In reality finding correspondence between the two
images was a difficult task and furthermore, objects at far distance used to have zero

disparity. Therefore, there was a need to find optimal depth in such scenarios.

In the literature, enough work has been reported based on stereo images motion, however,
relatively little work is on estimating depth information from a single image. Saxena et
al. [34] predict a depth from a set of image features using linear regression and an MRF,
and later extend their work into the Make3D [14] system for 3D model generation.
However, the system relies on horizontal alignment of images, and suffers in less

controlled settings.
2.6 Objective of the Thesis

The main goals of this dissertation are:

e To develop a new approach of estimating the depth information from a single
small-scale blurred image.

e To utilize the generated depth maps from the proposed approach for 2D-to-3D
conversion of the images.

e To compare the performance of the proposed algorithm with the existing

techniques.
2.7 Chapter Summary

An overview of some of the most common 2D-to-3D conversion techniques, highlighting
advantages and limitations of the previous approaches, have been presented in this
chapter. A review of the different scene capturing technologies along with active and
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passive methods of estimating depth maps is presented additionally with a discussion of

monocular and multiview systems for calculating depth information.
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CHAPTER 3
DEPTH ESTIMATION FOR 2D-To-3D
CONVERSION

Design is not just what it looks like and
feels like. Design is how it works.
Steve Jobs [1955-2011]

3.1 Introduction

The main objective of this chapter is to describe every step of the proposed method more
effectively. An efficient method is presented to estimate depth from the single small-scale
blurred image by using sharpness map. The chapter also includes a method that creates a
3D sense in the input image to enhance the image quality.

First of all, the amount of sharpness is estimated at the edges to recover sparse depth
map. Then, the matting Laplacian interpolation algorithm [43] is used to obtain full depth
map. Finally, the retrieved depth estimates are used to attain a 3D image. A visual and
quantitative comparison of the suggested technique with the existing approaches is also

given.

SPARSE FULL DEPTH
INPUTIMAGE DEPTHMAP MAP
ESTIMATION GENERATION

f 3D IMAGE
’l FORMATION

Figure 3.1: Block diagram of the proposed method.
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Figure 3.1 explains the block diagram of the suggested scheme. The technique consists of
three key steps: sparse depth map estimation, full depth map generation and 3D image
formation In the first step of sparse depth map estimation, the original image is re-blurred
and the extent of sharpness residing at the edges is estimated by utilizing image gradients.
The sharpness map is used to infer the depth at edge locations, forming sparse depth map.
The matting Laplacian interpolation algorithm is then used to engender the estimated
depth from the edges to the entire image, forming a complete depth map. At last, this
depth map along with the original image together constitute an image having 3D

perception.
3.2 Dataset Used

The high-quality indoor RGB images are taken from Sony A7 camera and the
corresponding ground-truth depth map is obtained by using Kinect [44]. The outdoor
dataset used in this dissertation is captured by Fujifilm Real 3D camera [44]. Their
ground-truth depth is extracted from stereo matching [45].

3.3 Depth Map Estimation

In this section, depth information is estimated from a small-scale defocused image with
the help of spatially varying defocus blur at the edges. The subtle defocus blur present in
the image restricts the measure of sharpness around edges. This characteristic feature is
then used as a cue for estimating the depth of an image. The technique consists of two
key steps: sparse depth map estimation and full depth map generation.

In the initial step of sparse depth map estimation, the original image is re-blurred and the
extent of sharpness residing at the edges is estimated by utilizing image gradients. The
extensively used PSF (Point Spread Function) approaches intend to recover considerable
defocus PSFs. In the proposed method, PSF analysis has performed prosperously on the
dataset. Further, the sparse depth map is modeled by utilizing sharpness amount residing
at edges. The matting Laplacian interpolation algorithm is then used to propagate the
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estimated depth from the edges to the entire image, forming a complete depth map.

Figure 3.2 highlights the prime steps for the estimation of the depth map.

N
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Figure 3.2: Workflow of the proposed depth estimation method.
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3.3.1 Sparse Depth Map

In sparse depth map estimation, Gaussian blurring of the given image is carried out. This
alteration to each pixel of the input image is exploited for measuring the sharpness
amount at the edge locations. The image gradients are computed for determining the
change in the image in a particular direction. The sharpness map formed by utilizing the

magnitude of image gradients is used to infer the depth values at edge locations which
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lead to the formation of the sparse depth map. Joint bilateral filter (JBF) is then employed
onto this map which preserves the edges and reduces the noise present in it. At last, a

rectified sparse depth map is obtained.
3.3.1.1 Gaussian Blurring

The quantity of blur change is appreciable at high-frequency image locations when the
input image is re-blurred. Formally, the edge sharpness and contrast are reduced by slight
defocus. Therefore, the sharpness measure is figured out at edges only. Gaussian filter is
adopted which modifies the edges present in the image resulting in an overall effect
named as Gaussian blur. This filter makes use of the Gaussian function to calculate the
transformation. Figure 3.3 below shows ideal step edge function convolving with the

gaussian filter resulting in a blurred edge.

Figure 3.3: Edge model [46].

The one-dimensional (1D) equation of Gaussian function is defined as [10, 50]:

k(x,0)= e 20 (3.1)

e 20° (3.2)
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where, x and Yy is the distance in the horizontal and vertical directions respectively, o is

the standard deviation of the Gaussian distribution which evaluates the blur extent and
therefore, is correlative to the diameter of CoC.

Now, the defocused image is the convolution of the sharp image with the PSF [3], i.e.,
(X, Y)=l(X,Y)®K(X,y,0)+n (3.3)

where, i(x,y) and i,(x,y) correspond to blurred image and sharp image respectively.

n is the sensor noise which is unknown and presumed to be Gaussian noise having zero

mean. k(x,y,o) is the PSF which is approximated as 2D Gaussian function as shown in

equation (3.2). In the proposed method, ideal step edges are examined which are given as

[3]:
o (X, y)=Au(x,y)+B (3.4)

where, u(x,y) denote the step function as:

0, X 0
U(X’y):{l xgo (35)

Arepresents the amplitude and B indicate the offset of the edge. The location of the

edge is at(x =0,y =0). With the known parameter o, of the Gaussian function, the

original image is re-blurred and expressed as:

i (xy)=i(x,y)®k(x,y,0)+n (3.6)
where,
X4y
20'k2
k(x,y,0,)= 270, e (3.7)
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The next step is to find the magnitude of gradients of the original and re-blurred images

which are derived in the next section.

3.3.1.2 Gradient of Image

The magnitude of gradient expresses the change in the image as we move in either x or

y directions. In the proposed scheme, the gradient magnitude of the re-blurred and input

image is calculated to measure the sharpness of edges.

To calculate the gradient magnitude of the original image, the gradients along both x and

y directions are independently computed first. The gradient along x axis is derived as:

V(X y):§(io(x, y)®k(x,y,0)) (3.8)
, d 1 X
Vx'(x'y)&[(AU(X’Y)JFB)@Z”OJE 20 J (3.9)

By using the derivative property of convolution:

i = a 206°
V,i(X, y)—[&(Au(x, y)+B))®2 L€ (3.10)
Since, the derivative of step function is impulse function, therefore, the above equation

reduces to:

1 _x2+y?

V,i = —— e 2 11

Jd(%Y) M(x)@zﬁgze (3.11)
o 1 _TZ+)212

:AI&(X—r)Zﬂaze o dr (3.12)
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By using sifting property of convolution,

Vi(xy)= e 20° (3.13)

27107

Similarly, the gradient of the input image along y axis can be computed and the resulting

equation comes out to be:

Vi(xy)=r7e (3.14)

Now, the gradient magnitude of the original image is as follows:

‘Vi(x, y)‘z\/vxi(x, y) +V,i(xy) (3.15)

By putting values from equation (3.13) and (3.14) to the above equation, we get

2 2 2 2 2 2
- A X A X
‘Vl(x,y)‘: {Zﬁaze 20 J +[2”02e 20 J (3.16)
‘Vl(x,y)‘zzmyze 20 (3.17)

Here, C is a constant. In the same manner, the gradient of the re-blurred image is

derived first along the x direction and then along the y direction. From equation (3.6),

0

Vi (X, y)=&(i(x, y)®k(x,y,0)) (3.18)
Vi (X, y) = %(io(x, Y)®K(x,y,0)®k(Xx, y,ak)) (3.19)
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0
OX

= sel(AuCxy) +B)OK(x y.0) @K (x.3.00)

(3.20)

Note that the convolution of two Gaussian is always a Gaussian function. Therefore,

equation (3.20) consummate to:

Vi (%, Y) :ﬁ((Au(x, y)+ B)®k(x, y,0'+0'k))

OX

:6% (Au(x, y)+ B)®

_ x%y?
. g 1 2(0‘2+0'k2
— (ax (Au(x, y)+ B)j@ 27:(02 +<7k2)
L e
2(c%+0?
=AS(X)® e ‘
(%) 27[(62+O'k2)
‘ oo
2(c2+0,2
=A|l0(X—7)—F——— “/d
—Jn:o (x=7) 272'((72+O'k2) ’
Applying sifting property of convolution,
B x22+y22
inr (X, y) = A e 2(0 oK )

27[(0'2 + 0'k2)

(3.21)

(3.22)

(3.23)

(3.24)

(3.25)

(3.26)

The gradient along the y direction can also be computed similarly and the resulting

equation is:
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x2+y?

A e72(az+o-k2)

Vi (Xy)=——— 3.27
yr( y) 27r(0'2+(7k2) (3.27)
Finally, the magnitude of the gradient of re-blurred image is determined :
. . 2 . 2
Vi, (x, y)‘:\/VXIr(X, y) + Vi (%) (3.28)
2,2 2 2. 2 \2
A ey .
|- T P — 3.29
27[(02 + sz) 27[(02 + sz) (3:29)
_ x24y?
Vi (y)|= e (3.30)

272'(62 +6k2)

Equation (3.17) and equation (3.30) represents the magnitude gradients of the original
image and the re-blurred image respectively. These equations are used for calculating the

edge sharpness which is broadly described in the next section.
3.3.1.3 Sharpness Map

The value of edge sharpness defines how acute the edge is. In the proposed approach, the
Canny's edge operator [48] has been used for the detection of edges. This technique
draws out effective structural information from the image thereby lowering the amount of

information to be processed.

The edge sharpness is calculated from the equation given below:

£ =1 | V) @1

‘Vi(x,y)‘+p
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where, p is taken to be 0.0001 for avoiding the division by zero. Substituting the value

of equation (3.17) and (3.30) to the equation (3.31), we get sharpness map as:

_ x24y?
C o 2(02+5k2)
2 2
27[(0‘ +Gk)
_x2+y?
c e 29 +p
2

E =1- (3.32)

270

Since, the value of p is very small, so it can be neglected. Therefore the above equation

reduces to:

E, =1-

S

m (3.33)

The edges are located at (x,y)=(0,0) and because the sharpness map is estimated at
edges only, so the equation (3.33) truncate to:

02

E, =1- (3.34)

o’ +of

This equation characterizes the sharpness map of the input image and is, therefore, useful

for estimating the depth amount present at the edges. Finally, the amount of blur (o)

which in turn indicates the depth, can be calculated by using the equation (3.34) as:

2

Gzi o7 (1-E) (3.35)
> o?=0?(1-E,) +c2(1-E,) (3.36)
= o?(1-(1-E,) )= of (1-E.)° (3.37)
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(1-E,) oy

J2E,—E2

The values of o estimated at every location of edge form a sparse depth map. But, weak

= o= (3.38)

edges may result in incorrect blur value at some edge locations and hence, it will lead to
the propagation of errors which will corrupt the full depth map. Therefore, to resolve this
issue, joint bilateral filter (JBF) [49] is used which is reported in the next section.

3.3.1.4 Joint Bilateral Filtering

JBF is a non-linear filter and is used to conserve the edges and reduce the noise present in
the images. The intensity value of every image pixel is reinstated by the weighted
average of the intensity values from the neighboring pixels. It is basically a combination
of a low-pass filter (LPF) with an edge-ceasing function. In the method proposed in this
thesis, JBF is exercised onto the sparse depth map to obtain a refined map. The output of
the JBF is a filtered depth map which can be expressed as [49]:

x=y])Fg,, (iCO-i(D)ds (y)  (339)

R, (ds (X)):vﬁ > Ry

yeN(x)

Here, d (X) is the sparse depth map. Also,

_(x—yj
Fggs(x—y||)=2ﬁlasze s (3.40)
and
(i)
. .. 2
Fga,('(X)—'(J)H)=27zize 2or (3.41)
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Equation (3.40) and (3.41) represents Gaussian functions whose spread is controlled by

the parameters o, and o, respectively.

The Gaussian function (equation 3.40) is a spatial domain filter which specifies the size
of neighborhood pixels (A (x)) of x, while the edge-ceasing function (equation 3.41)
smoothens the difference in intensities of the pixels. As the standard deviation of the
Gaussian function varies, smoothing factor increases or decreases accordingly as
demonstrated in Figure 3.4. The challenging job is to set the parameters o, and o, so as
to average away the noise and yet preserving the details of the image. Only those pixels

are considered which are close in space and are in range. Assume pixel sizeto  be 1.

0 —_—s X 0
Small o Large o>
(limited smoothing) (strong smoothing ( blur increases))

Figure 3.4: Effect of sigma on Gaussian functions.

W (x)is a normalization parameter that makes sure that the filter maintains image

energy. The value of W (x) is given as [49]:

W (x)= VG;(X)FQUS (=) Ry, (fiCO=i (D)) (3.42)
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The refined sparse depth map thus obtained is ready to be processed further. Figure 3.5
shows the rectified sparse depth map obtained when the JBF is applied. The final step is

to retrieve a complete depth map which is explained in the later section.
3.3.2 Full Depth Map

In this section, the amount of depth present in the original image is interpolated at
unknown locations. Eventually, the depth values from the edges are propagated to the
whole image producing a complete depth map. To accomplish this, the sparse depth
estimates should be aligned with the original image edges which can be done by the
edge-aware interpolation techniques [53, 54]. Interpolation approach is applied thereupon
to generate a full depth map.

(b) O (©

Figure 3.5: Depth refinement using joint bilateral filtering, (a) Input image, (b) Sparse
depth map, and (c) Refined depth map [3].

3.3.2.1 Interpolation Approach

For interpolating depth values at unexplored areas in the image, matting Laplacian
technique [43] is adopted which propagates the sparse depth map based on color
similarities in order to develop a complete depth map. The goal is to minimize the cost

function which is formulated as:

J(D)=D'LD+A(D-D;)" £(D- D) (3.43)
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where, D, and D signify the vectors belonging to the sparse depth map d (x) and the
full depth map d(x) respectively. A is a regularized parameter and X is a

matrix with elements X.. as 1 whenever the pixel i is positioned at the edge areas, else 0.

Also, the matrix L is known as the matting Laplacian whose (i, j)th entry is expressed

as:

> (5”-—|1|(1+ (i) ) (3.44)
k(i j)eax @ |@<||3+Uk

where, ¢ is the Kronecker delta, s is a mean vector of 1 x 3 dimensions and oy is a
covariance matrix of 3 x 3 dimensions whose values denote the intensities in the window

ax and || indicates the count of pixels in this window. 13 is a 3 x 3 identity matrix. i;
and i; are the colors at the pixel i and | of the input image i(x, y). g is a fitting

parameter whose value is taken to be 10° in the experiment. The optimal D can be
achieved by elucidating the following equation:

D(L+A%)=A35Ds (3.45)

The appropriate value of A is taken so that a smooth constraint is put on D to purify
small errors.The full depth map is illustrated by a gray scale image where each pixel
represents the intensity of depth. Darker pixel in the depth map presents the area that is
close to the camera and lighter pixel presents the area far from the camera as shown in
Figure 3.6. Hence, the depth maps estimated from this technique is effective enough to

generate good quality 3D images.
3.4. Generating Three-Dimensional Images

In addition to brightness and color, a 3D pixel adds a property of depth which signifies
the position of the point on the imaginary z-axis. When each pixel is combined with its

very own depth value, the effect is a 3D image.
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(a) (b)
Figure 3.6: The depth recovery result of Zhuo’s method [3], (a) Input image, and

(b) Corresponding depth map.
3.4.1 Three-Dimensional Image Conversion

The conversion method presenting here is based on adding back the missing third
dimension to the given image. The pixel transform is based on the fact that pixel values

of the output depend on the pixel values of the input i.e.

isp (X, Y) :(M]mr i (3.46)

where, « >0 is a constant which is often known as a gain parameter and it controls the

contrast of the image and S is known as bias parameters which control the brightness.
The increasing value of v emphasizes shadows while u emphasizes light. i'(x,y) is the

image obtained after adding the depth map to the original image which is formulated as:
. . 3
i"(x, y):l(x,y)+§D (3.47)

where, i(x,y) is a 2D input image and D is the calculated depth map of the picture
which is multiplied by a factor so as to get optimal 3D image.
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3.5 Chapter Summary

This chapter explains the proposed depth estimation approach that utilizes only single
image for the assessment of depth information. The idea involves the utilization of
sharpness amount at edge areas to retrieve the complete depth map. Canny’s operator is
used to detect the images and matting Laplacian interpolation algorithm is applied to
attain the final depth map. The chapter also discusses an approach to generate 3D images
by adding back the estimated depth maps to the original image.
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CHAPTER 4
RESULTS AND DISCUSSIONS

If you can’t make it good,
at least make it look good.
Bill Gates [1955 - present]

4.1 Introduction

The main objective of this chapter is to explore the newly proposed depth estimation
approach and 2D-to-3D conversion algorithm. Experiments are conducted on indoor and
outdoor scenes in which different existing depth estimation techniques, all aiming to
create high-quality depth maps, are applied and evaluated. Effective visual and
quantitative comparison analysis are explicitly provided in this chapter. At last, this depth

map along with the original image together constitutes an image having 3D perception.
4.2 Experimental Results of Depth Estimation

Simulation results are taken on both synthetic and real images. For this work, MATLAB
is used as the development language. Not only does the MATLAB provides a lot of
useful built-in functions, scripting, and testing are a lot more simplified than with other
languages such as C or C++.

In the proposed experiment, the original image is re-blurred with o, = 3 of the Gaussian
function. The edges are detected with the help of Canny method having upper threshold
value to be 0.02. Also, oy =5and o, = 0.3 is taken in the joint bilateral filtering of sparse
depth map. For the optimal depth map the value of 4 = 0.8 is used in the proposed
method.

4.2.1 Simulation Results on Synthetic Data

A set of bar images is created with different noise conditions as shown in Figure 4.1, in

which a horizontal edge is blurred by a space-varying, one-dimensional vertical Gaussian
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blur kernel. The blur amount linearly increases from 0 to 5 along the edge. Figure 4.2
demonstrates that the edges are reliably detected and the proposed methodology is robust
to noise as compared to Zhuo’s method [3]. As the noise variance becomes higher (in

Figure 4.1(b) and 4.1(c)), the proposed method is less affected by noise.

(a) (b) (©)
Figure 4.1: Synthetic bar images, (a) Without noise, (b) With noise variance 0.001, and

(c) With noise variance 0.01.
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Figure 4.2: Estimation errors under noise condition, (a) The performance of Zhuo’s

method [3], and (b) The performance of the proposed method.

(@) (b) (©)

Figure 4.3 : Synthetic bar images, (a) With edge distance of 30 pixels, (b) With edge
distance of 15 pixels, and (c) With edge distance of 10 pixels.
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Figure 4.4: Estimation errors with different edge distance, (a) The performance of

Zhuo’s method [3], and (b) The performance of the proposed method.



4.2.2 Simulation Results on Real Data

The suggested approach is also tested on real images. The image of a flower is taken as
input (Figure 4.5(a)) in which the scene depth changes gently from the top to the bottom.
Canny’s edge detection is applied to the input image as shown in Figure 4.5(b).
Sharpness map is then estimated (Figure 4.5(c)) and by using the sharpness information,
the sparse depth map is (Figure 4.5 (d)). The estimated depth map is shown in Figure
4.5(e) which captures all the continuous change of the depth. Another example is shown

in Figure 4.6. Higher intensity depicts more depth in all the estimated depth maps.

(b) (©)

i
(d) (€)

Figure 4.5: Depth map estimation on real images, (a) Input image, (b) Edge detection, (c)

Sharpness Map, (d) Sparse depth map, and (e) Full depth map.
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(a) (b)
Figure 4.6: Depth recovery result of the proposed method, (a) Input image, and (b) Depth

map.
4.3 Performance Comparison

The visual comparison of the proposed and existing methods is shown in Figure 4.7,
Figure 4.9, and Figure 4.11 along with a quantitative evaluation of the corresponding
depth images as illustrated in Table 4.1, Table 4.2 and Table 4.3 respectively. It is clear
from the performance comparisons that the proposed approach is quite reasonable under

all evaluation matrices including relative error ( Reror), 10910 error (Logl0) and root

mean square error (RMSE ). These parameters are defined as under:

1 .
Rerror :W,Z(dl _di )/d (4-1)
Logl0= Z| logyo (di ) —loguo(di) [/N (4.2)
RMSE = \/Z(di ~¢;) /N 4.3)

where, N is the count of pixels containing the image and d; indicates the depth estimate

of i" pixel in comparison to the ground truth d”.
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(@) (b)

(9) (h)
Figure 4.7: Visual comparison of depth maps of Image 1, (a) Input, (b) Ground truth, (c)

A. Saxena et al. [34], (d) S. Bae et al. [52], (e) S. Zhuo et al. [3], () J. Shi et al. [53], (9)
J. Shi et al. [44], and (h) Proposed.
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Table 4.1: Quantitative evaluation of depth maps of Image 1.

RELATIVE LOG10
METHODS RMSE
ERROR ERROR
A. Saxena et al. [34] 2.1267 0.2709 0.2277
S. Bae et al. [52] 0.5988 0.2239 0.2558
S. Zhuo et al. [3] 1.3105 0.3336 0.3303
J. Shietal. [53] 0.6798 0.2674 0.3351
J. Shi et al. [44] 0.3735 0.2725 0.6670
Proposed 0.3295 0.1719 0.2184
25
HRELATIVEERROR
5 EILOGIOERROR
M RMSE
1.5 -
] -
0.5
0 -
A Saxenaet S Baeetal 5 Zhuoetal J Shietal J Shietal  Proposed
al. [34] [32 [3] [23] [44]

Figure 4.8: Bar chart comparison of the proposed method with other methods of
Image 1.
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(9) (h)
Figure 4.9: Visual comparison of depth maps of Image 2, (a) Input, (b) Ground truth, (c)
A. Saxena et al. [34], (d) S. Bae et al. [52], (e) S. Zhuo et al. [3], () J. Shi et al. [53], (9)
J. Shi et al. [44], and (h) Proposed.
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Table 4.2: Quantitative evaluation of depth maps of Image 2.

RELATIVE LOG10
METHODS RMSE
ERROR ERROR
A. Saxena et al. [34] 3.3282 0.2907 0.2531
S. Bae et al. [52] 1.6878 0.3828 0.3322
S. Zhuo et al. [3] 0.6860 0.2404 0.2595
J. Shi et al. [53] 0.4086 0.2300 0.3384
J. Shi et al. [44] 1.4141 0.3462 0.2928
Proposed 0.3783 0.1573 0.2059
35
3 . E RELATIVE ERROR
ELOGI0DERROR
H RMSE
25
2
L5 A
1 -
0.3
0 .
A Saxenaet 5 Baeetal 5 Zhuoetal T Shietal J Shietal  Proposed
al. [34] [52] [3] [53] [44]

Figure 4.10: Bar chart comparison of the proposed method with other methods of
Image 2.



e

(9) (h)
Figure 4.11: Visual comparison of depth maps of Image 3, (a) Input, (b) Ground truth,
(c) A. Saxena et al. [34], (d) S. Bae et al. [52], (e) S. Zhuo et al. [3], (f) J. Shi et al. [53],
(9) J. Shi et al. [44], and (h) Proposed.
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Table 4.3: Quantitative evaluation of depth maps of Image 3.

RELATIVE LOG10
METHODS RMSE
ERROR ERROR
A. Saxena et al. [34] 1.6366 0.3256 0.2682
S. Bae et al. [52] 0.9134 0.3005 0.4022
S. Zhuo et al. [3] 0.3382 0.2561 0.3003
J. Shi et al. [53] 0.3551 0.2812 0.4376
J. Shi et al. [44] 0.6203 0.2310 0.3061
Proposed 0.2840 0.2007 0.2558
18 -
16 - H RELATIVE ERROR
E1.OG10ERROR
L4 1 M RMSE
12 -
l -
08 |
06
04
02

A Saxenaet 5 Baeetal 5 Zhuoetal T Shietal J Shietal  Proposed
al. [34] [52] [3] [53] [44]

Figure 4.12: Bar chart comparison of the proposed method with other methods of

Image 3.



The suggested technique is able to reproduce more accurate depth maps because it
contains acceptable depth layers. But, there is one limitation that it forms incorrect depth

maps when the image contains shadows. This is illustrated in Figure 4.12(b).
4.4 Three-Dimensional Images

Additionally, the 3D images are generated with the help of the estimated depth maps. An
example is illustrated in Figure 4.13. Given an input image, Figure 4.13(a), and its depth
map, Figure 4.13(b), 3D image is formed, Figure 4.13(c). Other examples of generated
3D images from the proposed scheme are given in Figure 4.14, Figure 4.15, Figure 4.16
and Figure 4.17.

Figure 4.13: 3D image generation for Image 1, (a) Input image, (b) Depth map, and (c)
3D image.
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-
(b)

S -
(©)
Figure 4.14: 3D image generation for Image 3, (a) Input image, (b) Depth map, and (c)
3D image.

Figure 4.15: 3D image generation for Image 4, (a) Input image, (b) Depth map, and (c)
3D image.
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(c)
Figure 4.16: 3D image generation for Image 5, (a) Input image, (b) Depth map, and (c)
3D image.

Figure 4.17: 3D image generation for Image 6, (a) Input image, (b) Depth map, and (c)
3D image.
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4.5 Chapter Summary

This chapter presents an analysis of the proposed depth estimation and 3D generation

technique.

The first experiment is conducted the synthetic images with varying noise variance and
different edge distances. The proposed technique is very less afflicted by the noise, but
the estimation errors increase when the distance between the adjacent edges become

small and the blur amount becomes large.

The second experiment on real images derived that the novel depth information method
proposed in this dissertation has higher performance than the previous techniques based
on the single image as input.

The last experiment showed the 3D images generated by the suggested method. The
images come alive when a sense of depth is added to the input image and therefore, are

more comfortable to view.
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CHAPTER 5
CONCLUSIONS AND FUTURE SCOPE

The questions are always more
important than the answers.
Randy Pausch [1960-2008]

5.1 Conclusions

In this dissertation, a new algorithm is proposed for evaluating the depth information
from a single small-scale blurred image by utilizing sharpness amount at edge locations.
By using 2D Gaussian kernel, the input image is re-blurred and the gradients of the input
and the re-blurred image are calculated to measure the sharpness map. Then, the sparse
depth map is retrieved by evaluating the subtle defocus blur at edges and joint bilateral
filter (JBF) is employed to reduce noise around the weak edges. The edges are detected
by Canny’s operator which gives effective structural information of the image. By using
matting Laplacian interpolation method, the depth estimates are propagated from the edge
locations to the whole image producing a full depth map.

Extensive experiments on the synthetic and real images have shown that the method
presented is accurate and much reliable than the existing state-of-art methods. The
suggested method is compared with J. Shi et al. [44] and it has been verified that there is
an average decrease of 0.472, 0.1975, and 0.1952 in relative error, log10 error, and root

mean square error respectively, for real images used in this dissertation.

The estimated depth maps from the proposed method are thereafter utilized for
converting the two-dimensional image back to three-dimensional. This is achieved by
adding depth maps back to the corresponding two-dimensional image along with some
additional parameters. The perception of the 3D images is clearly much more interactive

for the viewers and the 3D images produced are of better quality than the 2D images.
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5.2 Future Work

The research work proposed here is concentrated only on the step edges. However, this
approach can be extended to different types of edges in the near future. Also, different

types of matting interpolation algorithms can be used to get optimal depth maps.
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