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Abstract

With the developing of computer vision, the problem of high-quality depth
map acquisition is demanding urgent solution. Generally, the methods for
dense depth map acquisition consist of two categories: passive and active.

The passive methods based on stereo matching algorithms always com-
pute matching cost volume pixel by pixel, which is time-consuming. This the-
sis firstly proposes a local depth estimation method using adaptive matching
scheme. Furthermore, with the help of affine invariant feature, the perfor-
mance for matching in textureless regions is improved. Experimental results
show that the proposed method can achieve better or comparable perfor-
mances than the state-of-the-art method in the category of local methods,
even with the less running time. In addition, since the depth map is esti-
mated frame by frame, the temporal consistency cannot be guaranteed. This
thesis proposes a method to enhance temporal consistency by applying adap-
tive temporal filtering, which explicitly considers the reliability of depth and
the moving attribute of regions. Experiments demonstrate that the proposed
algorithm can generate more stable depth sequences and effectively suppress
the transient depth errors when rendering virtual images.

Due to the inherent drawbacks of stereo matching, the depth map cap-
tured by sensors is more robust, especially for the textureless regions. How-
ever, it either suffers from low resolution, or has some holes on the depth map.
Active methods are to solve these problems. Since low-quality depth map is
always captured with a high-quality color or intensity image and they can

be registered with each other on the same coordinate system, low-quality

Xiv



ABSTRACT

depth map can be refined by using the guidance from such high-quality
color/intensity image. This type of active method is called guided depth
map enhancement. In consideration of clear expression, this thesis uses color
image to stand for color/intensity image in the rest of thesis. The meaning
of it is according to the context.

The methods on guided depth map enhancement can be classified into
different categories depending on whether external training data is used.
Without relying on the external datasets, co-occurrence property between
edges on the depth map and the corresponding color image is explicitly ex-
ploited. However, because the assumption above is not always true, it leads
to texture-copy artifacts and blurring depth edges. Markov-Random-Field-
based (MRF-based) methods are popular in guided depth map enhancement.
The state-of-the-art solutions are to adjust the affinities of the regularization
term in MRF energy function. Actually, these existing methods are lack
of explicit evaluation model to quantitatively measure the inconsistency be-
tween the depth edges and the corresponding color edges, so they cannot
adaptively control the efforts of the guidance from the color image for depth
enhancement. In addition, widely used affinity computing scheme for regu-
larization term is based on the depth and color differences between neighbor
pixels, which ignores local structure on the depth map. In this thesis, three
algorithms are proposed to address the problems above. The first one aims
to mitigate artifacts caused by edge misalignment between the depth map
and the color image via hard-decision inconsistency checking pixel by pixel.
The second one uses a structural quantitative measurement on edges incon-
sistency which is a soft-decision method. It is more accurate than its hard-
decision counterpart above. The third one is to combine such soft-decision
edge inconsistency measurement and local structure of the depth map which
is modeled on Minimum Spanning Trees (Forest) to acquire more robust
depth map. These methods are tested on Middlebury, ToF-Mark and NYU
datasets which prove progressive improvements.

In addition to the handcraft models for depth map enhancement, data-
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ABSTRACT

driven models are expected to implicitly learning such guidance to obtain su-
perior performances. In this thesis, an end-to-end training method based on
convolutional neural network is proposed, which borrows many concepts from
existing models, e.g., batch-normalization and residual learning. It upsam-
ples low-resolution depth map progressively and the residual network is con-
structed to learn high frequency component in multiple scales. This coarse-
to-fine scheme can reconstruct high-resolution depth via multi-frequency syn-
thesis. Experimental results show improvement in subjective evaluation and

objective evaluation compared with state-of-the-art methods.
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Chapter 1

Introduction

1.1 Background

Depth represents geometric information of real scenes by recording the dis-
tances between the pixels and the camera, which can transform image pixels
from a 2D coordinate system to 3D space (i.e., point cloud). Acquiring high-
quality depth maps is the key problem in the field of 3D computer vision,
which is required in many modern applications, e.g., interactive view inter-
polation, 3DTV, 3D object modeling, robot navigation, and 3D tracking.
However, it is more difficult than conventional image acquisition. Gener-
ally speaking, methods for depth map acquisition consist of two categories:
passive and active.

Passive methods can generate a depth map from two-view or multi-view
color images using stereo matching algorithms. For decades, a variety of ap-
proaches have been proposed. Stereo matching methods can be categorized
into two major classes: local and global. Local methods compute the depth
value for each pixel independently through matching the local information
only. Global methods determine the depth values of all the pixels simultane-
ously based on the predefined prior (e.g. the Total Variation norm). Local
methods are faster than global ones but at the cost of accuracy. Over the

last few decades, the performances of stereo matching are significantly im-
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(b) textureless region

Figure 1.1: An illustration of occlusion and textureless regions

proved. However, these methods still suffer from the inherent problems such
as matching difficulties in textureless areas and occlusion (Szeliski, Zabih,
Scharstein, Veksler, Kolmogorov, Agarwala, Tappen & Rother 2008), which
are shown in Fig. 1.1.

In real applications, it is important to balance running time and matching
performance. In addition, since depth maps are estimated frame by frame,
the depth values of the static background in adjacent frames cannot be con-
sistent, which leads to artifacts (e.g. flashing artifacts when these depth
maps are used to render virtual views of video.) This problem is called as
temporal inconsistency (Fu, Zhao & Yu 2010).

Active depth-acquisition methods can obtain depth videos with the same
frame rate as color cameras using depth sensors. Compared with passive

methods, depth acquisition through active methods is much more efficient.
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(a) structured-light sensor (b) ToF sensor

Figure 1.2: Some typical products for each type of sensor

Particularly, in textureless areas, active methods are able to achieve more ro-
bust performances than passive methods. So far, there are two main types of
depth sensor, which are ToF sensors (e.g. SwissRanger 4000) and structured-
light sensors (e.g. Kinect v1). Some typical products are shown in Fig. 1.2.
By using ToF sensors, depth maps are computed by measuring the phase
difference between the emitted light and the reflected light (Kolb, Barth,
Koch & Larsen 2010). The drawback is that the captured depth maps are
noisy with low resolutions, e.g., 176x144 or 200x200. By using structured-
light sensors, an infrared light source projects a dot pattern on the scene.
Another offset infrared camera senses the pattern and estimates the depth
map. Although structured-light sensors can obtain depth maps with higher
resolutions, the quality of the depth maps obtained by such sensors is not
satisfying. There are holes (i.e., places without depth information sensed)
appearing on the depth map. These holes may be caused by occlusion, weak
reflection to the infrared light on surfaces or even shadow reflection of the
light patterns. The depth maps captured by these types of sensors are il-
lustrated in Fig. 1.3. Overall, objects in darker colors, specular surfaces,
or fine-grained surfaces, e.g., human hair, are difficult to get depth sensing
through depth sensors (Cho, Kim, Ho & Lee 2008). According to the anal-
ysis above, the main problems of depth maps obtained by depth sensors are
low resolution, noisy depth values and holes. Such low-quality depth maps

are always generated with a registered high-quality color or an intensity im-



CHAPTER 1. INTRODUCTION

(a) depth captured by Kinect v1 (b) depth captured by ToF

Figure 1.3: An illustration of depth maps captured by sensors

age. Therefore, depth map can be enhanced guided by the corresponding
color/intensity image due to high correlation between them. This type of
method belongs to guided depth map enhancement. In consideration of clear
expression, this thesis uses color image to stand for color/intensity image in
the rest of thesis. The meaning of it is according to the context.

The existing methods for guided depth map enhancement can be classified
into different categories depending on whether external training data is used.
They correspond to solving predefined model via optimization or learning
model from external data. Without relying on the external datasets, several
approaches explicitly exploit co-occurrence property between the edges on the
depth map and the corresponding color image (Diebel & Thrun 2005, Kopf,
Cohen, Lischinski & Uyttendaele 2007). These methods show that the de-
tails and the accuracy of most depth edges can be improved based on the
guidance information provided by the corresponding color edges. However,
this assumption is not always true. Incorrect guidance from the companion
color image will lead to texture-copy artifacts and blurring depth edges on
the reconstructed depth map. Texture-copy artifacts derive from the situa-
tion that the smooth depth region corresponds to the color region with rich
texture. By contrast, blurring depth edges result from the case that the
smooth color region corresponds to the depth region with edges. Fig. 1.4
illustrates the edge inconsistency explained above.

For the works using external data, the ones based on sparse represen-
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(a) color image and its edge map (b) depth map and its edge map

Figure 1.4: An illustration of edge inconsistency: pink window-edges occur on
the color image but not on the depth map, red window-edges occur on the depth

map but not on the color image.

tation are firstly proposed (Li, Xue, Sun & Liu 2012, Kiechle, Hawe &
Kleinsteuber 2013, Kwon, Tai & Lin 2015). In such approaches, the cor-
responding image patches acquired from the low-resolution (LR) depth map,
high-resolution (HR) depth map and color image can be represented using a
sparse vector on corresponding learned generic dictionaries respectively. Un-
der the assumption that the sparse vector is shared among these registered
patches, statistical dependencies between color and depth patches can be
learned by joint sparse coding scheme. Very recently, a few works are based
on end-to-end Convolutional Neural Networks (CNN) (Riegler, Ferstl, Riither
& Bischof 2016, Hui, Loy & Tang 2016). Compared with model-driven meth-
ods which explicitly exploit co-occurrence property between edges on depth

map and corresponding color image, such data-driven methods enhance low-
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quality depth map by using guidance from registered color image implicitly.
Due to the different statistical attributes, texture-copy artifacts and depth
blurring edges may also occur in such machine learning methods. They
largely rely on the similarity between training data distribution and testing

data distribution.

1.2 Research Problems

Based on the aforementioned current research limitations, this thesis presents

the following research problems.

1.2.1 Fast Depth Map Estimation

Compared with global methods, local methods (Olgierd Stankiewicz 2009,
Zhang, Lu & Lafruit 2009, Hosni, Bleyer, Rhemann, Gelautz & Rother 2011)
have low complexity. Therefore, it is meaningful to improve the perfor-
mance of local methods, especially for the real-time applications. Among
such methods, adaptive-weight-based methods always reach the best results.
The weight represents how likely the current pixel sharing the similar dispar-
ity with the central pixel of the local window. Most adaptive-weight-based
methods assume that such weight is according to the color difference and
the pixel location distance between the current pixel and the central pixel.
Based on such weights, the effort of each neighbor pixel in the matching cost
aggregation can be adaptively controlled.

Despite the excellent results produced by adaptive-weight-based meth-
ods, pixel-wise weight computation and depth estimation are highly time-
consuming tasks. They have computational redundancy because depth maps
are always smooth. If smoothness attribute could be used to replace pixel-
wise depth estimation, the running time would be significantly reduced. The
related analysis and solution are explained in Chapter 3, which proposes a

robust local method reducing the running time.
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1.2.2 Temporal Consistency Enhancement for Depth
Video

Depth sequences generated by single-frame depth estimation suffer from the
temporal inconsistency problem. Ideally, the depth values of static objects
should remain the same in adjacent frames, but they are often estimated as
being different values. These temporal depth errors significantly degrade the
visual quality of the synthesized virtual view as well as the coding efficiency
of the depth sequences (Fu et al. 2010, Sang-Beom Lee & Ho n.d.). In
this thesis, a corresponding temporal consistency enhancement method is

proposed in Chapter 3.

1.2.3 Explicit Measurement for Edge Inconsistency be-

tween Depth Map and Color Image

Among the guided depth-enhancement methods without using the external
datasets, there have been several ones (Park, Kim, Tai, Brown & Kweon 2014,
Yang, Ye, Li, Hou & Wang 2014, Choi & Jung 2014, Hua, Lo & Wang 2016)
trying to mitigate texture-copy artifacts and blurring depth edges via bal-
ancing the contribution from the original depth map and the companion
color image. However, existing methods do not explicitly evaluate the edge
inconsistency between the color image and the corresponding depth map.
Therefore, they cannot adaptively control the guidance efforts from the color
image when enhancing the depth map. Some texture-copy artifacts and blur-
ring depth edges still appear on their results. A quantitative measurement
which provides a more precise definition of the inconsistency in a numeri-
cal way is needed. In this thesis, Chapter 4 shows two edge inconsistency

measurement models via hard-decision and soft-decision manners.
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1.2.4 Improved Guided Depth Enhancement via Pre-
defined Model

If the explicit edge inconsistency measurement model above can be embedded
into a predefined model, e.g. Markov Random Field (MRF), the texture-
copy artifacts can be significantly mitigated. In addition, the edge guidance
affinities of MRF regularization term are usually computed only based on
color and depth differences between the pixel and its neighbor pixels on color
image and coarsely interpolated depth map respectively in existing methods.
Such computing scheme ignores the local structure of the depth map and
is called as non-structural scheme throughout this thesis. Therefore, in the
case of a large upsampling factor, it generates over-smoothed depth edges. A
more robust model is needed to preserve structure in extremely low-quality

depth maps. Such problems are solved in Chapter 4.

1.2.5 Guided Depth Enhancement via Machine Learn-
ing
Predefined models use prior regularization that comes from general cases to
solve ill-posed problems. However, for certain types of signal, such predefined
models may not provide optimal performance. Instead, the model learning
from the data itself may lead to more robust results (Hui et al. 2016, Riegler
et al. 2016). Since the guidance from the color image is implicitly used, it is
important to learn the inherent different statistical characteristics between
the depth map and the registered color image in the trained model. Such

attempt can improve the performance of depth map super-resolution. The

corresponding experiments are shown in Chapter 5

1.3 Research Contributions

e Proposed a local algorithm to fast estimate depth maps by combining

an adaptive matching scheme with an affine invariant feature. It can
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achieve better or comparable performances than the state-of-the-art
approaches in the category of local methods, even with less running
time. (Chapter 3)

e Proposed an algorithm to enhance temporal consistency for estimated
multi-view depth videos. It effectively suppresses the transient depth
errors and generates more stable depth sequences via an anisotropic
temporal filter. (Chapter 3)

e Proposed a pixel-level hard-decision and soft-decision structure-measurement
models to evaluate edge inconsistency between depth edges and the
corresponding color edges. The soft-decision model can provide a more
precise definition of the edge inconsistency in a numerical way than the

hard-decision counterpart. (Chapter 4 )

e A novel guidance affinity computing scheme for the regularization term
in MRF is proposed to better preserve edges and structure. The Affini-
ties are computed more precisely in a space which consists of multiple
Minimum Spanning Trees (MSTs). Soft edge inconsistency measure-
ment is considered and embedded into edge weights in each MST to

significantly mitigates texture-copying artifacts. (Chapter 4)

e Proposed a modified end-to-end convolutional residual network leaning
the guidance from the registered color image to progressively upsample

low resolution noisy depth map. (Chapter 5)

1.4 Thesis Structure

The thesis is structured as follow:

Chapter 2 firstly introduces the basic knowledge for depth estimation and
depth enhancement. Then, local optimization theory, e.g., typical filters, as
well as the global optimization theory, e.g., Markov Random Field (MRF),

are introduced with the representative works for such tasks. In addition, this

9
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Depth
Acquisition
Passive Active
| Methods Methods
Chapter 4 Chapter 5

Chapter 3

Figure 1.5: The relation among Chapter 3, 4 and 5

chapter reviews the related theory of machine learning (i.e., sparse coding
and convolutional neural network) followed by the representative works for
guided depth map super-resolution.

Chapter 3 firstly briefly reviews the related work for depth estimation and
explains the motivation of the proposed method. In the following section, an
adaptive matching scheme for multi-view depth video estimation is proposed.
Then, the affine invariant feature is proposed to make the matching more ro-
bust for low-texture regions. At last of this chapter, a temporal enhancement
algorithm is proposed for multi-view depth video estimated frame by frame.

Chapter 4 briefly reviews existing methods for depth map enhancement
and provides the motivation of this chapter. Subsequently, hard-decision
and soft-decision edge inconsistency measurement models are proposed re-
spectively. Such models are embedded into the non-structural regularization
term in MRF energy function. To further improve performance, a structural
affinity computing scheme is proposed to replace the non-structural one.

Chapter 5 begins with briefly reviewing learning-based methods for depth
map super-resolution. In the following, it presents a modified convolutional
neural network learning the guidance from the HR color image to progres-
sively upsample the LR noisy depth map.

The relation among Chapter 3, 4 and 5 is illustrated as Fig. 1.5. In

10
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addition, the thesis adopts popular Peak signal-to-noise ratio (PSNR) and
root-mean-square error (RMSE) which are equivalent as the metric in Chap-
ter 3 and 5 respectively. Both of them are based on L2 norm. However, due
to the blurry results are preferred under L2 norm, the results are evaluated
by Mean Absolute Error (MAE) which is based on L1 norm.

Chapter 6 concludes the thesis and provides a discussion for future work.

11



Chapter 2

Relevant Theories and Related
Work

The chapter firstly reviews the foundation in passive depth acquisition and
active depth acquisition in Section 2.1 and Section 2.2 respectively. Sec-
tion 2.3 presents classical filters and their usages in such tasks. Markov Ran-
dom Field (MRF) and its configurations for such applications are reviewed in
Section 2.4. Section 2.5 presents related machine learning theory for depth
enhancement only since this thesis does not focus on learning-based depth

estimation method. Finally, Section 2.6 ends this chapter with a summary.

2.1 Foundation for Passive Depth Acquisition

via Stereo Matching

By given multi-view color images of the same scene, each pixel in certain
viewpoint and their corresponding pixels in other viewpoints can be deter-
mined by stereo matching. The displacement vector between each registered
pixel pair is called as disparity. This section introduces concepts, constraints,

basic procedure and refinement for depth estimation.

12
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Figure 2.1: An illustration of image rectification

2.1.1 Concepts

Related concepts include image rectification and the relation between dis-
parity and depth. Image rectification is the necessary pre-processing step
to reduce the dimension of disparity from two to one. In addition, since
the output of stereo matching is disparity, the relation between it and depth
should be addressed.

Image Rectification

The purpose of image rectification is to make the epipolar lines of two images
horizontally aligned. It can be accomplished through linear transformations
of images using internal and external camera parameters. After image rec-
tification, the matching candidates locate in the same row as the pixel to
be matched. Therefore, the searching dimension is reduced from two to one.
Fig. 2.1 gives an illustration of image rectification. In the rest of this chapter,

it is assumed that image pairs are rectified beforehand.

13
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Figure 2.2: The relation between disparity and depth

Relation between Disparity and Depth

The relation between disparity and depth for rectified image pair is shown
in Fig. 2.2. From this figure, disparity d of point M can be computed as
Eq. (2.1);
FL, FL, FL

dzxL_xR:TM+E:7M (2.1)
where F' and L represent focal length and baseline length respectively.
and x i are x coordinates of projections on two planes. Z,; is z coordinate of
point M. This equation means that once the disparity is computed, corre-
sponding depth can be found. In the rest of this thesis, disparity and depth

is equivalent.

2.1.2 Stereo Matching Constraints

Since dense depth estimation based on stereo matching is ill-posed, some
prior should be introduced to reduce ambiguity. This part presents some

widely used priors.

14
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Intensity Similarity

One of the basic priors is intensity similarity which means corresponding
pixels belonging to the same part of an object in multiple images have similar
intensity value. This prior will fail when the illumination conditions for

cameras are different.

Uniqueness

Uniqueness prior means all the pixel matching is one-one matching. This

prior is not always true, e.g. occlusion.

Smoothness

Disparity map (depth map) is smooth along the surface of objects. The

discontinuities only occur at the edge of objects.

2.1.3 Basic Procedure

Basic procedure of depth estimation includes cost aggregation and disparity
computing. They are briefly introduced as below.

Typically, stereo matching is performed within a certain disparity search-
ing range. The quality of matching which maps a pixel in current view to
the pixel in other view determined by disparity is evaluated by a matching
cost defined by certain cost function. The cost volume consists of matching
costs of all pixels under all disparity candidates in the searching range. This
procedure is called cost aggregation. After computing such cost volume, the
disparities can be determined by local or global methods. In the following

parts, such components are explained in detail.

Cost Aggregation

For a certain disparity d in the predefined search range [d,nin, dimaz], there is
a matching cost between the reference pixel p with coordinate (p,, p,) and its

matching candidate ¢ with coordinate (¢, = p, + d, ¢, = p,). For simplicity,

15
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p and g = p+d state for matching pixel pair above in the rest of thesis. Since
single pixel matching is sensitive to noise, the cost is computed between
two local windows which are centered by p and ¢g. Many cost functions
are proposed corresponding to different evaluation measurement. Based on
intensity similarity prior, sum of absolute intensity differences (SAD), sum
of squared intensity differences (SSD) are proposed. According to features
in gradient field, sum of absolute gradient differences (SGRAD) is presented
to complement SAD or SSD when the intensity similarity prior fails. These
cost functions are shown in Eq. (2.2), Eq. (2.3) and Eq. (2.4).

C’OSLLSSD(}?7 d) = Z |IL (S) — IR (S + d)| (22)
Costsap(p,d) = Z (I (s) —Ig (s + d))? (2.3)

COStSGRAD(p, d) = Z |V$IL (8) — VQCIR (5 + d)| +
s€Np (24)

V,1 (s) = V, I (s + d)|

where Iy, and Ig are images in different viewpoints. Ny is a local window
centered at p. V, and V,, are gradient operators. d is an element in disparity
searching range [din, dmaz]. More advanced cost functions are shown in next

chapter.

Disparity Computing

Based on computed the cost volume Cost(p,d) for each pixel p and each
disparity d, the optimal disparities for all pixels can be determined via local
or global methods. The local methods determine disparity d, for each pixel

p independently to find the best matching which is modeled as Eq. (2.5);

d, = argmin Cost (p, d) (2.5)
d
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Compared with local methods, the global methods always explicitly place
certain regularization on the disparity map, e.g., smoothness prior. And the
optimal disparities D* for all pixels are determined simultaneously via global
energy function optimization. This scheme has the form as Eq. (2.6),Eq. (2.7)
and Eq. (2.8).

D* = arg];nin data (D) + Areg (D) (2.6)
data (D) = Y Cost (p,d,) (2.7)
reg (D) = Z Z V (d;, d,) (2.8)

where Nj is the neighborhood of pixel i, data and reg are data term and
regularization term respectively. A is the balance factor. A common idea of
reg is to let V increase monotonically with disparity difference to penalize
a discontinuous result, while be able to reduce this penalty located at color
edges to preserve depth edges. Such methods are related to graphic models
e.g., Markov Random Field (MRF). More information on MRF are shown in
Section 2.4.

2.1.4 Refinement

Since depth varies continuously almost everywhere and that depth discon-
tinuities occur primarily at color edges, depth values can be approximately
modeled as a plane within segments. This refinement technique is called
plane fitting. Another widely used post-precessing is cross-check which val-
idates disparities by using disparity maps in multiple viewpoints. This part

shows such refinement techniques.

Plane Fitting via RANSAC

The depth map processed by plane fitting always presents smoothness at-

tribute. However, such fitting maybe difficult due to the noise and outliers

17
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in the initial estimated depth map. Compared with least squares, techniques
such as Random Sample Consensus (RANSAC) (Choi, Kim & Yu 1997) is
more robust to outliers.

RANSAC alternates between two steps, hypothesizing and testing, with a
model definition and an evaluation function which provides distance between
a data point and the model. The hypothesis step is to fit the model by using
the minimum amount of sample points required to fully define the model
parameters which are randomly selected. The testing step measures the
distance between all other data points and the model via evaluation function.
A threshold is defined to classify inliers and outliers. The model has most
inliers is assumed to be the most representative one. As an optional step,
the model can be refitted using all the found inliers.

In the case of plane fitting, the used model and evaluation function F are
the plane equation and the distance between data point P with coordinate
(Pzs Dy, P2, 1) to plane T represented by normal vector (¢,,t,,t,, 1) which are
shown as Eq. (2.9) and Eq. (2.10) respectively.

S T=0 (2.9)

where S(s,, sy, s, 1) represents arbitrary point on the plane T.

P 2T (2.10)

2+
The number of iterations is a self-adapting parameter which depends on
the probability pg of finding a good sample set and the maximum allowed
probability pb to only pick bad sample sets. The number of iterations iter is
)T

determined by (1 — pg)” < pb. For more information, please refer to (Choi

et al. 1997).
Cross check between Two Disparity Maps

Disparity map represents the displacements from the pixels in the reference
image to the corresponding pixels in the target image. Ideally, the disparity

map which swap the reference image and the target image is equivalent to
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the original one. However, unreliable estimated disparities for certain set of
pixels on such disparity maps are always conflict with each other. Therefore,
disparity maps for multiple viewpoints can be used to check the reliability
of disparity for each pixel. More specifically, the reliability of them is de-
termined by comparing disparities of the reference pixels against the ones of

target pixels on other views which is defined as Eq. (2.11).

DL (l',y) = DR (.I‘ - DL (‘ray) 7y)
DR (Ivy) = DL (SL‘ + DR (Jf,y) 7y)
where Dy, and Dy are the disparity maps for the left image and the right

(2.11)

image respectively. z,y are coordinate in the disparity maps. If certain pixels
do not satisfy this checking, they are unreliable which can be refined by the
filters shown in Section 2.3. The underlying idea for this refinement is to

correct unreliable values through nearby reliable values.

2.2 Foundation for Active Depth Acquisition

via Sensors

Alternatively, depth maps can be acquired by sensors, which is more robust
to textureless regions compared with passive depth acquisition. However, the
quality of such depth maps do not satisfy applications. So, the enhancement
is necessary for this type of acquisition. In this thesis, depth enhancement
includes depth map super-resolution (SR) and depth map completion which
are corresponding to the depth maps obtained by ToF sensors and structural-
lighted sensors. Firstly, the common degradation model is introduced for the

two problems above. Subsequently, the related works are briefly reviewed.

2.2.1 Degradation Model

Suppose Y is degraded signal or image, its degradation model can be defined
as Eq. (2.12).
Y =HX+N (2.12)
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where H represents degradation matrix corresponding to downsampling and
hole generation. X is original high-quality signal. N stands for additive
noise.

Such model gives the relation between high-quality depth map and its
low-quality version, which is used in depth reconstruction. This model shows

that depth enhancement is an ill-posed inverse problem.

2.2.2 Related Work

Since depth map SR and depth map completion can be formulated as the
same inverse problem above, this thesis reviews common methods for such
two tasks. Existing methods can be classified into two categories: non-guided
methods (Freedman & Fattal 2011, Schuon, Theobalt, Davis & Thrun 2009,
Xie, Feris & Sun 2016) and guided methods (Hua et al. 2016, Yang, Ye, Li,
Hou & Wang 2014, Park et al. 2014).

Non-guided Methods

Since the thesis focuses on guided depth enhancement, non-guided methods
are briefly introduced as follows; (Freedman & Fattal 2011) only requires
a single depth map for SR by using smoothing priors based on local self-
similarities, but it either has difficulties in textured areas, or only works well
for the case of small upsampling factor. (Xie et al. 2016) proposed a single
depth map SR method via a modified joint bilateral filter. Such bilateral
filter is guided by a high-resolution (HR) edge map which is constructed
from the edges of the low-resolution (LR) depth map through an MRF op-
timization in a patch synthesis based manner. Another type of non-guided
approach (Schuon et al. 2009) is to fuse multiple displaced LR depth maps
into a single HR depth map, which is not convenient for real applications
because the geometrical relationship between all the depth sensors cannot be

easily determined.
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Guided Methods

Guided methods intend to improve the quality of the captured depth map
with the support of a registered color image. Such guided methods can
be classified into three categories that are local methods (Kopf et al. 2007,
Liu, Tuzel & Taguchi 2013, He, Sun & Tang 2010, Min, Lu & Do 2012),
global methods (Diebel & Thrun 2005, Ferstl, Reinbacher, Ranftl, Riither &
Bischof 2013, Yang, Ye, Li, Hou & Wang 2014, Park et al. 2014) and learning-
based methods (Li et al. 2012, Kiechle et al. 2013, Riegler et al. 2016, Hui
et al. 2016).

Local methods typically refine depth for each pixel independently which
interpolates current unavailable pixels through weighted average. The adap-
tive weight is guided by registered color image. Global methods perform
enhancement through modeling this problem into an optimization of the
predefined energy function. They always based on graphic models which
places certain prior guided by color image on the depth map to reduce the
ambiguity of such ill-posed inverse problem. The fundamental assumption
of local and global methods is that the depth edges and the color edges at
the corresponding locations are consistent. By using external datasets, the
guidance and prior attribute for specific type of signal can be learned. It is
the directly expanding from single image enhancement.

Since there are common techniques which are related to both depth es-
timation and depth enhancement, they are shown in details in the following
parts. These techniques consist of filters, graphic model, global optimization

and related machine learning theories.

2.3 Local Methods and Filters

After introducing the basic concepts, this section presents classical filters and

their usages in depth estimation and depth enhancement.
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2.3.1 L2 Norm Optimization Filters

For representative filters, bilateral filtering techniques (Tomasi & Manduchi
1998) should be presented. It has form of Eq. (2.13);

e, = Z Wi(q,p) X e, (2.13)

qeNp
where ¢, is the element used for weighted average which has different mean-
ings for depth estimation and depth enhancement. More details are intro-
duced in the following paragraphs. W is the weighting kernel which is defined
as Eq. (2.14). N, represents the local window which is centered at p. e, states
for the filtered value.

_ a@-1(a)? _@

W(g,p)=e 28  xe *u (2.14)
where ., 04 controls bandwidth of range and distance kernels respectively, I is
the color image and I (p),I(q) are its elements. p, ¢ represent the 2-dimension
pixel locations on the image. Essentially, this filter is an anisotropic weighted
average. The weight for each pixel pair is computed by color difference and
Euclidean distance, which correspond to two parts in Eq. (2.14). More specif-
ically, it based on a reasonable assumption that the elements corresponding
to pixels which have similar color and location with center pixel have heavy
weight in average.

For edge-preserving smoothing, e, is the value for pixel ¢ in arbitrary
channel (Bao, Song, Yang, Yuan & Wang 2014). It can prevent pixels which
are very different in color with central pixel participating in average. There-
fore, edges can be preserved while smoothing the image.

For cost aggregation in stereo matching, e, is the pixel matching cost
with certain disparity d in a local window (Yang, Wang, Yang, Stewénius
& Nistér 2009). The final matching cost is weighted average of those pixel
matching cost. It is assumed that pixels which are similar in color with
central pixel have similar disparity values and they should play dominat-

ing role in weighted average. This scheme is also called soft segmenta-
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tion (Olgierd Stankiewicz 2009) which is shown as Eq. (2.15).

Z Wref ((LP) Wtar (q - dap - d) dlff (qa q— d)

qeNp
Z Wref (Q?p) Wtar (q - dap - d)

geNpP

Cost (p,d) = (2.15)

where Wyer and Wy, are weights computed by bilateral filter (Eq. (2.14))
for reference window and target window respectively. diff is pixel-level
matching cost. Denominator is normalization factor.

For depth map SR, a joint bilateral upsampling (JBU) framework is pro-
posed by Kopf et al. (Kopf et al. 2007), The edges of the LR depth map can
be refined according to the edges of the registered HR color image. e, is the
unfiltered depth value for pixel g. e, states for the filtered value for pixel p.

Based on this pioneer work, some variants are proposed. Liu et al. (Liu
et al. 2013) propose filter which computes weighting coefficients based on
geodesic. Geodesic is computed in a joint space of color and distance instead
of separating color space and distance space. Compared with JBU, joint
geodesic kernel integrates color changes along the geodesic curves; there-
fore, it is more sensitive to thin structures and fine scale changes, producing
smooth surfaces with sharp occlusion boundaries. He et al. (He et al. 2010)
propose a guided image filtering for depth enhancement, which models a
linear relationship between the output and guiding image. It is based on
the assumption that the output has an edge only if the input has an edge.
To determine the linear coefficients, it seeks a solution that minimizes an
energy function. It is formed from the total square difference between the
filtered image and the input image with a regularization parameter to pre-
vent too large coefficients. All these methods including JBU have the same
form with different weighting kernels as Eq. (2.13). The kernels of Liu et
al. (Liu et al. 2013) and He et al. (He et al. 2010) are defined as Eq. (2.16)
and Eq. (2.17) respectively. The kernel of Guided filter also can be used for
cost aggregation in depth estimation (Yang, Ji, Li, Yao & Zhang 2014).

_ Ggqla,p)

Wi(g,p) =e 27 (2.16)
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where G4(q, p) is geodesic distance between p, q.

2
o; + €
k:(p,q) €Ny k

where gy is the mean of the local window centered by k. k : (p,q) € Ny
states for all the windows which include p, q. |w| is the number of pixels in

the local window Ny,. € is a small value to prevent denominator from zero.

2.3.2 L1 Norm Optimization Filters

These kernels introduced above are based on L2-norm optimization. Alter-
natively, motivated by cost aggregation in stereo matching, some approaches
based on LL1 norm minimization is proposed which are more robust to outliers
than L2 norm minimization. Yang et al. (Yang, Ahuja, Yang, Tan, Davis,
Culbertson, Apostolopoulos & Wang 2013) propose a depth map SR method
based on joint bilateral filtering (JBF') techniques with a set of depth candi-
dates for iteratively refining HR depth map. The final depth value is selected
by using the winner-takes-all (WTA) method on the cost volume after a pre-
defined number of iterations. The experiment shows that it can give a better
edge-preserving performance. Min et al. (Min et al. 2012) propose a weighted
mode filtering method based on a joint histogram. When the histogram is
generated, the weight based on color similarity between reference pixel and
its neighboring ones on the color image is computed. This weight is used for
counting each bin on the joint histogram. A final solution is determined by
seeking a global mode on the histogram. They share the form of Eq. (2.18)
and Eq. (2.19). From these equations, the similarity between such type of
filter and cost aggregation in stereo matching Eq. (2.5) is shown. Again, they
share the same assumption that pixels which are similar in color have similar

depth value.

dy = argmax Cost(p,d) (2.18)
de[dnmlnydmaw]
Cost (p,d) = > W (q,p) Er (d - d,) (2.19)
g€Np
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where Cost is the cost volume. Under certain label d, the cost value for
each pixel p is computed by weighted mean. W(q, p) is the same meaning as
Eq. (2.14). Er is the error function which is the difference between methods
of this type. Yang et al. (Yang et al. 2013) and Min et al. (Min et al. 2012)
construct the error function as Eq. (2.20) and Eq. (2.21) respectively.

Er(d—d,) =min(|(d—d,)|,7) (2.20)
7(4*%)2
Er(d—d,) =e 2 (2.21)

where 7 and 0 are predefined parameters.

All the local methods can be performed iteratively which is a coarse-to-
fine manner. Overall, the complexity of local methods is low, so the efficiency
is attractive. However, they are always inferior to global counterparts espe-

cially for the noise-aware case.

2.4 Global Optimization and Graphic Models

2.4.1 Relation to Bayesian inference

Compared with local methods introduced in Section 2.3, global counterparts
are more robust. The specific task is modeled as an optimization problem of
the predefined objective function. Such function is also called as energy func-
tion. Almost global methods belong to Bayesian inference. For example, the
general model for Markov Random Field (MRF) is defined as Eq. (2.22) ac-
cording to the Hammersely-Clifford theorem (Hammersley & Clifford 1971).

b (YIX) b (X)
XN = S Y X) pb (X)

pb(Y[X) = e darelXY) 222)

pb (X) _ e—)\reg(X)
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where X is the inference result (i.e., high-quality depth map for depth en-
hancement or depth estimation). Y is an observed information for inference
(e.g., observed depth values for depth enhancement, matching error for depth
estimation). pb is abbreviation for unnormalized probability. data (X,Y)
represents data term in energy function which describes appearing proba-
bility of certain status of Y given X. reg(X) is regularization term which
models prior distribution of X itself. A is balance factor between them.

Based on the theory of maximum a posteriori estimation, the inference
can be solved by arg max pb (X|Y). Since the denominator is only related
to Y, it can be ignored. So the equivalent solution is to maximize pb (X[Y)
defined as Eq. (2.23);

X* = arg max pb (X|Y) = arg max pb (Y|X) pb (X) (2.23)
X X

Therefore, minimizing the energy function F which is defined as Eq. (2.24)

is equivalent to maximize pb (X[Y).

X* =argmin £ (X,Y) = data (X,Y) + Areg (X) (2.24)
X

The regularization term reg corresponds to certain prior. For example,

according to smoothness prior, reg can be modeled as Eq. (2.25).

pb(X) = e~ Areg(X) _ [ Vee(VX)ll, (2.25)

where V is gradient operator which computes differences between each pixel
and their nearby pixels. Vec is vectorized operator which reshapes all gra-
dients in a vector. The typical definitions of data term data is illustrated in

the next subsection for specific tasks.

2.4.2 Bayesian Inference for Depth Estimation and Depth

Enhancement

For depth estimation, X and Y are inferred depth D and observed matching

cost Cost (D) for all pixels respectively. More specifically, for certain pixel p,
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the true depth d, € D is more likely to correspond to lowest cost Cost (d,,).
Therefore, pb(Cost (D)|D) can be modeled as Eq. (2.26). It means that
higher the cost is, lower the probability of true depth selected.

pb(Cost (D)|D) = ¢~data(D) — ~Cost(D) (2.26)

For depth enhancement, X and Y are inferred depth D and observed
depth values O respectively. And pb(O|D) is related to the difference be-
tween D and the observed depth O which is shown as Eq. (2.27). The
evaluation function f can be specifically defined (e.g. MSE). It is said that

the inferred depth values should be consistent with observed ones.
pb(O|D) = ¢~ataD.0) — ~f(D.O) (2.27)

In the following parts, more details for depth estimation and depth en-

hancement via global optimization are introduced.

2.4.3 Discrete Optimization via Graph Cut

Because depth estimation is to estimate discrete disparity variables, it is a
discrete optimization problem. After quantizing real depth value, depth en-
hancement can be discrete optimization problem as well. Graph cut (Boykov,
Veksler & Zabih 2001) is a popular discrete energy minimization algorithm
based on graph which are explained in this subsection. To simplify expla-
nation modeling depth estimation and depth enhancement as a graph opti-
mization problem, the basic concept of graph cut is introduced firstly.

The first concept is that graph cut solves binary discrete optimization
problem via relabeling all variables. There are two relabel strategies which
are «, f — swap and a — expansion. «, 3 stand for possible binary values for
variables. «, § — swap optimally relabels pixels via changing labels between
a and 8. a — expansion simply expands the set of pixels with label «a to
minimize energy function. Since the a — expansion is strongly favored in
the survey (Szeliski et al. 2008), hereafter, only widely used a — expansion

is introduced. For more detail on the differences between them, please refer
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to (Boykov et al. 2001). Such operation is carried out continuously until
the energy is convergent. The initial values of labels can be predefined or
random. In this part, single low-case letters represent pixels e.g. p,q. The
labels for them are defined as d,, d,,.

The second concept is that the relabeling is performed by cutting edges
linking nodes and two terminal nodes «, o’. More specifically, when the edge
linking node and « is cut, that node’s label is relabeled to a. The label of
the node is unchanged when the edge linking node and o' is cut.

The third concept is that a valid cutting plan is to separate two terminal
nodes a, ’. It means that there is no path between them after cuts. For
each cutting plan, the cost is the sum of weights of all the cutting edges.
Among these solutions, the one with lowest cost is preferred.

For depth estimation, the labels are disparity candidates in searching
range. And labels for depth enhancement are quantization levels. Therefore,
such tasks are multi-label optimization problems and cannot be optimized
via graph cut directly. Alternatively, the multi-label problem is decomposed
into many binary discrete optimization sub-problems. Then, the original
problem is approximately solved via solving sub-problems in order. In this
subsection, depth estimation solved by graph cut is explained in detail.

Now the detail of modeling solving energy function Eq. (2.24) for depth
estimation as graph cut is illustrated. The graph consists of a set of nodes,
each representing a pixel. Two terminal nodes «, o’ are connected to all nodes
via edges. There are edges linking between nodes as well. The weight of edges
are defined by data term and regularization term. Therefore, under certain
graph configuration, finding the optimal cutting plan can be equivalent to
searching the minimum of energy function Eq. (2.24) according to the third
concept. To simplify the explanation, this part focuses on a binary labeling
optimization sub-problem constructed on the graph with two nodes p, q.

Fig. 2.3 provides an illustration for graph cut. In Fig. 2.3, the edges shown
in dot lines are cut, meanwhile the costs are illustrated for each solution. D

and R are weight function for edges representing data term and regularization
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Figure 2.3: An illustration of graph cut with three cut solutions

term respectively. The edges linking nodes to terminal nodes are called data
term edges, e.g., dj represents the edge linking node p and terminal node
and p has label d, before relabeling. And the edges linking nodes to other
nodes are called regularization term edges, e.g., (p,q) stands for the edge
linking between node p and node ¢. For nodes with the label d, which is
different from a before the move, the edges linking them to « are weighted
with a data cost retrieved from the cost function. For nodes already having
the label «, their weights of the edges linking to o/ is set to infinity to assure
that these nodes keep their a-label throughout the optimization. Based on
the behavior of cutting data edge explained above, auxiliary nodes (i.e., a
in Fig. 2.3) are introduced to model regularization term in the situations
which cut data edges linking node and its neighboring nodes to all choices of
terminal nodes a, o’ (i.e., p,q in Fig. 2.3). The mapping from edge weights
in graph to energy function Eq. (2.24) is listed in Tab. 2.1.

With the graph configuration, minimizing energy function equals to solv-
ing for the minimum cut of the graph, which is done by computing the
maximum flow between the terminals. Maximum flow algorithm is presented
in (Ford Jr & Fulkerson 2009).

Graph cuts algorithm is able to solve binary labeling optimization prob-
lems precisely. For multi-labeling optimization problem, such as depth esti-

mation and depth enhancement, it only provides approximate solution which
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Table 2.1: The Edge Weights in Fig. 2.3

Edge Weight Condition Before Move

D (d3") inf d, =«

D (d2) | data(d,) dy # o

D (d2) data (o) None

R (p,a) | Areg(dy, «) g€ N,

R(a,q) | Areg(a,d,) q € Np

R(p,q) | Areg(d,,d,) q €Ny, d, #d,
R(p,q) 0 q € Ny, d, =4,

is a local minimum close to the global minimum.

2.5 Learning-Based Depth SR

In recent years, motivated by common RGB image super-resolution (SR)
methods, sparse coding is used for depth map SR. There are two types, syn-
thesis model (Li et al. 2012, Ferstl, Ruther & Bischof 2015, Kwon et al. 2015)
and analysis model (Kiechle et al. 2013, Hawe, Kleinsteuber & Diepold 2013).
Very recently, some methods based on convolutional neural network (Riegler
et al. 2016, Hui et al. 2016) are proposed. Before reviewing the related works,
the basic knowledge of sparse coding and convolutional neural network are

firstly explained in brief.

2.5.1 Sparse Coding

This subsection presents the basic theory of sparse coding and related work

based on synthesis model and analysis counterpart.

Synthesis Model

One assumption that has proven to be successful in image reconstruction

is that natural images admit a sparse representation a € R™ over certain
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overcomplete dictionary U € R™™ with m > n. A vector ac is sparse when
most of its coefficients are equal or close to zero. When signal or vectorized
image patch x admits a sparse representation a over U, it can be expressed
as a linear combination of only a few columns of the dictionary {U;}.",,

called atoms, which is shown as Eq. (2.28)
x =Ua«a (2.28)

The dictionary is typically learned via Eq. (2.29).

U*, o* = argmin ||x — Ual|} subject to g (a) < ¢ (2.29)
U,a

where ¢ is a sparsity evaluation function, ¢ € R* is an estimated upper
bound of sparsity. Ideally, sparsity evaluation function should be 0-norm,i.e.,
g(a) = ||ex]|,. However, since it is difficult to solve, p-norm (0 < p < 1) is
used instead of 0-norm. In addition to p-norm, there are many other sparsity
functions, such as log-square function which is used in (Kiechle et al. 2013).
The discussion on them is out of scope of this thesis.

Based on learned dictionary and observed low-quality signal y degraded
by Eq. (2.12), an estimation of the original signal can be obtained by first
solving sparse coefficients (i.e., Eq. (2.30))

ot = argming(a) subject to |[HUa —y||5 < € (2.30)

and afterwards synthesizing the signal from the computed sparse coefficients
via x* = Ua*.

There are representative works for depth map SR based on synthesis
model. Li et al. (Li et al. 2012) jointly train dictionaries for registered
patches of the LR depth maps, the HR depth maps and the color images. In
reconstruction phase, the HR depth maps are reconstructed through sparse
representation of learned corresponding dictionary. H. Kwon et.al. (Kwon
et al. 2015) proposed a method which takes advantage of a training set of
high-quality color and transfer its information to the LR depth map through

multi-scale dictionary learning. It learns a dictionary of geometric primitives
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which captures the correlation between high-quality mesh data, LR depth
maps and HR color images. These two methods share a common form dur-

ing the learning phase as Eq. (2.31).

2

Xh Uh
U*,a*:ar%min x| — | U | af +Aaf: (2.31)
Ko
X U.

where xy,, X; and x. are features for HR depth patches, LR depth patches and
HR color patches respectively. Uy, Uy and U, are dictionaries for HR depth
patches, LR depth patches and HR color patches respectively. « is the sparse
coefficients. Overall, H. Kwon et.al. (Kwon et al. 2015) can obtain more ro-
bust results than Li et al. (Li et al. 2012). It is an iterative upsampling
scheme and introduces Normalized Correlation Coefficient (NCC) measure-
ment for predicting which color edges are most likely to coincide with depth
edges. A global reconstruction framework is proposed to mitigate the over-
smooth artifacts on the overlapping regions, while Li et al. (Li et al. 2012)

reconstruct each patch independently.

Analysis Model

Different from the synthesis model Eq. (2.28), reconstruction phase for anal-

ysis model is to solve Eq. (2.32).
x* = argmin g(Qx) subject to |Hx — y||5 < ¢ (2.32)

Therein, Q € R¥*® with & > n is called the analysis operator, and the
analysed vector 2x € RX is assumed to be sparse, where sparsity is again
measured via an appropriate function g. In contrast to the synthesis model
where a signal is fully described by the nonzero elements of a, the zero
elements of the analysed vector €2x describe the subspace containing the
signal in the analysis model. To emphasize this difference, the term co-
sparsity is introduced, which simply counts the number of zero elements of

Qx (Hawe et al. 2013). The difference between such two types of models

32



CHAPTER 2. RELEVANT THEORIES AND RELATED WORK

is also shown in the learning phase. Operator learning in analysis model is
defined as Eq. (2.33).

X", QF = arg mgl g(Q2x) +reg (Q) subject to ||[x —y|3 < e (2.33)

where reg () is additional restriction on analysis operator to avoid trivial
solutions. Indeed, if no such regularization is imposed on 2, it is noticed
that the trivial solution €2 = 0 is the global minimizer. Such regularization
on analysis operator is investigated in (Yaghoobi, Nam, Gribonval & Davies

2011, Hawe et al. 2013). Some widely used ones are listed as below;

e row norm constraints; All the rows of €2 have the same norm, i.e.,

|||, = a for the i-th row of operator €2

e full rank constraints; The analysis operator 2 has full rank. i.e.,
rank(Q) = n;

e tight frame constraints; The admissible set of this constraint is the
set of tight frame in R¥*® ie., QTQ = I, where I is the identity

operator in RX.

Based on analysis model, Kiechle et al. (Kiechle et al. 2013) exploit the
co-sparsity of analysis operators which are applied on depth map and cor-
responding color image, and reconstructed the HR depth map through data
fidelity and color-guided sparsity constraint. The optimized problems in
learning and reconstruction phases are shown as Eq. (2.34) and Eq. (2.35)

respectively.

(Q7,Qp) €  argmin  g(Qrx1, Qpxp) +reg(r) +reg(2p)  (2.34)
Q7.2 E0B(n k)

where 7 and 7}, are analysis operators for HR intensity patches and HR
depth patches respectively. x; and xp are registered intensity image patch
and the ground truth depth map patch. g is the sparsity function. The anal-

ysis operator is restricted to OB(n, k) which is the set of full-rank matrices

33



CHAPTER 2. RELEVANT THEORIES AND RELATED WORK

with normalized columns. reg states for prior knowledge on such analysis

operators. For more details on reg please refer to (Kiechle et al. 2013).

x}, € argmin Ag(c, Qpxp) + ||Hpxp — ypl|3 (2.35)

XD

where c is a constant which means the analysed intensity signal is not related
to xp. xp is HR depth patch, Hp is the degradation matrix. yp is the set
of observed depth values.

Although state-of-the-art results can be obtained based on sparse coding,
they always need a variety of pre-processing and representation power of
these models is inferior to deep convolutional neural network (CNN) which
always is an end-to-end model. Next subsection explains CNN briefly and

reviews related works based on it.

2.5.2 Convolutional Neural Network

Convolutional networks, also known as convolutional neural networks or
CNNs, are a specialized kind of neural network for processing data that
has a known, grid-like topology. Convolution is a specialized kind of lin-
ear operation. Convolutional networks are simply neural networks that use
convolution in place of general matrix multiplication in at least one of their
layers (Goodfellow, Bengio & Courville 2016).

Depth SR based on convolutional neural network (CNN) are different
from sparse coding in which CNN do not explicitly learn dictionaries. Typ-
ically, the problems are solved via end-to-end network without specific pre-
processing.

At the first attempt, Dong et al. (Dong, Loy, He & Tang 2016) pro-
pose an end-to-end super-resolution convolutional neural network (SRCNN)
to achieve single image restoration. Subsequently, many single image en-
hancement methods are proposed based on CNN (Kim, Kwon Lee & Mu Lee
2016, Wang, Liu, Yang, Han & Huang 2015). Compared with single image
enhancement, the work based on CNN for guided depth map SR is fewer.
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Very recently, Hui et al. (Hui et al. 2016) propose a Multi-Scale Guided con-
volutional network (MSG-Net) for depth map SR. MSG-Net complements
LR depth features with HR intensity features through a multi-scale fusion
strategy which progressively resolves ambiguity in depth map SR using the

HR intensity features at different levels.

2.6 Summary

This chapter firstly addresses basic knowledge for passive depth acquisition
(i.e., depth estimation) and active depth acquisition (i.e., depth enhance-
ment). Then the representative techniques (i.e., filters for local methods,
graph cut for global optimization and machine learning methods) are intro-
duced including their usage for depth estimation and depth enhancement. In
the following chapters, the contributions are explained in details correspond-

ing to which are stated in Introduction section.
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Chapter 3

Fast Depth Video Construction
and Its Enhancement via

Temporal Consistency

3.1 Related Work and Motivation

Depth maps (depth and disparity is equivalent in this chapter) can be esti-
mated via stereo matching using multi-view color video. An excellent survey
of stereo matching methods can be found in Scharstein and Szeliski (Szeliski
et al. 2008), where the existing method can be categorized into two categories:
local methods and global methods. Local methods have low complexity which
compute the depth value for each pixel independently through matching the
local information only. Compared with local methods, global methods are
more complicated determining the depth values of all the pixels simultane-
ously based on predefined prior (e.g. the Total Variation norm) (Gong &
Yang 2007, Cai 2012, Zhang, Cui, Ngan & Liu 2012, Lei, Selzer & Yang
2006, Ju, Wang & Xiong 2015, Tomioka, Mishiba, Oyamada & Kondo 2016).
This chapter focuses on designing a robust local method with low complexity.

The related work and corresponding analysis are shown as below.
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3.1.1 Related Work

Cost aggregation is to generate a volume of which each element is the match-
ing cost between the refer pixel and the target pixel determined by certain
disparity candidate. As the explanation in Chapter 2, to be more robust,
cost aggregation is performed within a local window for each pixel. To deter-
mine such local windows, multiple techniques have been proposed. Multiple
window-based methods select the best local window from a set of predefined
sizes (Bobick & Intille 1999). Variable-window-based methods do not select
the best window from a predefined set, but rather compute an optimal local
window for each pixel instead (Veksler 2003). Adaptive-weight-based meth-
ods adaptively control the weight for each pixel inside the large fixed-size win-
dow (Yoon & Kweon 2006, Hosni, Bleyer, Gelautz & Rhemann 2009). Unlike
explicitly determining the shape of each pixel in variable-window methods,
adaptive-weight methods implicitly make the decision which introduces the
concept of fuzzy.

Among these three types of local methods, adaptive-weight-based meth-
ods always reach the best results. The weight represents how likely it shares
the similar disparity with the central pixel of the local window. Most adaptive-
weight-based methods assume that such weight is defined by the color dif-
ference and the pixel location distance between the current pixel and the
central pixel (Olgierd Stankiewicz 2009). Therefore, the effort of each pixel

within local window in the cost aggregation can be adaptively controlled.

3.1.2 Motivation

Despite the relatively satisfy results produced by adaptive-weight-based meth-
ods, pixel-wise weight computation and depth estimation are highly time-
consuming tasks. They have high computational redundancy because depth
maps are always smooth. In this chapter, an adaptive matching scheme is
proposed to reduce the computation complexity and to achieve a performance

close to or even better than the state-of-the-art local method.
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In addition, although most stereo matching methods use color information
for matching according to the assumption that the matched pixels should
have the same color, it is useless in textureless regions. The lack of visual
features makes stereo matching a challenge. To address the matching problem
in such regions, motivated by Yang and Ahuja (Yang & Ahuja 2012), the
proposed method uses affine invariant feature (AIF) to obtain more robust

results. The details are explained in the next section.

3.2 Fast Depth Estimation

This section firstly introduces the definition of AIF, then proposes a fast
depth estimation method using multi-view color video which includes initial

depth estimation and depth refinement.

3.2.1 Affine Invariant Feature
Definition

Before explain the proposed method, the definition of affine invariant feature
(AIF) is addressed as following. There is a straight line ab in Euclidean space
R3. cis a point inside the line ab. The line is projected on two planes L
and R with the corresponding projections ar, by, ¢y and ag, bg, cg as shown
in Fig. 3.1. 01,0 are optical centers of projection planes. The AIF can be
modeled as Eq. (3.1) (Liao, Wei & Chen 2007).

Cr —ar, Cr — QR
= 3.1
by —ar, br —ar ( )

AITF for Depth Estimation

To use AIF for stereo matching, two problems should be discussed firstly. The
one is that AIF is theoretically valid for planar surface projection (Hartley
& Zisserman 2003). However, the real scene is more complicated. The other

one is how to find the two corresponding line segments (e.g., arb; and agbg
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b

(4] Oy

Figure 3.1: Illustration of AIF

in Fig. 3.1). The proposed method deals with these two problems as below;
(1) It is assumed that depth map consists of planar surfaces as most state-of-
the-art stereo matching methods (Ju et al. 2015, Tomioka et al. 2016, Yang
& Ahuja 2012, Furukawa, Curless, Seitz & Szeliski 2009). For Lambertian
surfaces, higher curvature also means greater variation due to shading and
the extent of this intensity variation can be used to partition the whole
curved surface into a number of small, low-curvature patches. Each patch
can approximate to a planar surface. Therefore, the ratio of the distance,
as an AIF, can perform robustly for non-planar, textureless surfaces. (2)
It is well known that the two corresponding line segments are in the same
row of the scanlines when the image pairs are rectified. In this section, they
are extracted by searching along scanlines in left and right directions with a
predefined threshold of color differences. Based on the analysis above, the
ratio of the line distance can be used as an invariant feature for matching.

The detail of computing AIF is explaned as below.
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Computing AIF

ATF of every pixel can be defined as Eq. (3.2).

> Wy
q€Llp

AIF (p) = (3.2)

Wq
g€Lp+Rp
where p is the current pixel, L, and R} represents the pixel sets consisting
pixels from left bound pixel, right bound pixel of the line segment to p respec-
tively. ¢ is the neighbor pixel of p within this line segment. For every pixel
p, a global threshold is set to determine L, and R,. The searching along
left and right directions are stopped until the luminance absolute difference
of two adjacent pixels is larger than predefined threshold. Ideally, w, is the
binary value indicating whether this pixel belongs to this line segment or
not. To complement with the hard searching threshold for finding line seg-
ment, soft-decision scheme is adopted to check the probability of each pixel

q belonging to this line segment. The unnormalized probability is modeled
as Eq. (3.3).

Wy =¢e 202 (3.3)

where I (p) and I(g) are luminance of pixel p, ¢. It means that smaller lumi-
nance difference represents the higher probability of belonging to the same
line segment and vice versa. After computing AIF for all pixels, an AIF

image can be obtained which has the same resolution of the color image.

3.2.2 Initial Depth Estimation

This part proposes the method for initial depth estimation. Among the ex-
isting methods, there is a common problem for cost aggregation which is per-
formed within local windows; on the one hand, it is hard to provide enough
features by adopting a small fixed window in textureless regions which makes

matching a challenge, on the other hand, it leads to inaccurate depth edges
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Figure 3.2: The flowchart of initial depth estimation

by using a large window in high-texture regions. The proposed adaptive
matching scheme classifies the situations which are described above. Spe-
cially, for textureless regions, the adaptive windows are generated based on
over-segmentation instead of time-consuming methods (Hosni et al. 2009, Ol-
gierd Stankiewicz 2009). The proposed method obtains a reference depth
value for the whole segment, followed by the refinement for each pixel within
a small range of disparity candidates. Such processing leads to pixels which
have similar color gathering in an adaptive local window which helps deal
with the matching problem in textureless regions. For high-texture regions,

to obtain the accurate edges and reduce the running time, a small local win-
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dow is adopted. Thanks to the adaptive matching scheme above, the pro-
posed depth estimation method can reduce the running time compared with
the state-of-the-art local depth estimation methods. Fig. 3.2 is the flowchart
of the proposed method which is described in detail in the following parts.

Initial Cost Aggregation

The first step for depth estimation is cost aggregation which is performed
via proposed adaptive matching scheme. The proposed method is to obtain
the registered disparity map for the color image under certain view which
is called reference image, and the ones under other views are called target
images.

The reference image is over-segmented into regions through mean-shift
segmentation algorithm (Comaniciu & Meer 2002). All the regions consti-
tute the set 7 (7, ...Mnqe). Based on the amount of pixels in each region
Num (m;), m; can be classified into smooth region when Num (;) is greater
than the predefined threshold, otherwise it is classified into unsmooth re-
gion. For smooth regions, due to the over-segmentation, it is more likely to
satisfy the assumption that the disparities of pixels in each region are simi-
lar. Therefore, simple sum of absolute differences measure (SAD) is used to
obtain the matching cost under certain disparity value sharing between all

pixels in this region, which is shown as Eq. (3.4).

SAD (k,d) =) |Tret (p) — Ttar (p + d)| (3.4)

PETE
where SAD (k, d) represents the matching error of the k—th region under the
disparity candidate d. I is the illumination of certain image. p + d denotes
the target pixels in the target image corresponding to pixel p in the reference
image.
For unsmooth regions, cost aggregation is performed for every pixel within
a local window. By considering the computational complexity, soft segmenta-

tion which is introduced in Section 2.3 is only used for the reference local win-
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dow. To make the section content integrity, the method is illustrated briefly
as follows. Eq. (3.5) is used to calculate the adaptive weights W, ., for pixels
in the reference local window. Such weights are embedded into Eq. (3.6) to
compute weighted mean of absolute intensity differences (WMAD). The size
of the matching window is 5Hx5.

e —Trer ()| [p—2'|

Wref (pvpl) =€ e d (35)

Z Wref (pvp/) X ‘Iref (p) - Itar (p + d)|
WMAD (p,d) = 722 3.6
<p ) Wref (pvp/) ( )

where p’ is the pixel in the local window N, centered at pixel p in the

reference image. 7., 4 are bandwidths for range kernel and distance kernel
respectively.

To prevent generating wrong depth edges, the proposed method adopts a
complex matching measure consisting of WMAD and the weighted mean of
gradient absolutely difference (WMGRAD). V,;,V, are the horizontal and
vertical gradient of intensity image respectively. The WMGRAD is described
as Eq. (3.7) with the same symbols defined in Eq. (3.6).

5 Waet (0,0) % |V () = V5 (p+ )|

'eN
WMGRAD,, (p,d) = 75°
» (p,d) Wiet (p,7') (3.7)
21:\1 Weet (p,p') % [ Vi (p) = Vi (p + d)|
WMGRAD, (p,d) = “°°
( ) Wref (pap/)

In addition, the proposed method adaptively controls the effects of WMAD
and WMGRAD in matching cost computing. As the WMAD is not robust
when the illumination differences of two images (i.e., the reference image
and the target image) is significant, the efforts of it is set to be inversely

proportional to the average of illumination differences in this method which
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is shown in Eq. (3.8).

1
1+axmd

where md represents the mean of illumination difference between the regis-

Qeomp = (3.8)

tered images, o defines the weight of md.

When depth sequence is estimated frame by frame, temporal consistency
cannot be guaranteed. Since the depth values in background should not
change between two adjacent frames, it is necessary to add the temporal
consistency term temp to the cost aggregation as shown in (Sang-Beom Lee
& Ho n.d.). This method calculates mean absolute difference (MAD) for
each block between adjacent frames and determines whether the block is
background according to threshold. The temporal consistency term is defined
as Eq. (3.9) and Eq. (3.10).

temp (p, d', dt_l) =\ }dt —d! (3.9)

1, if p€ background
N = (3.10)
0, otherwise
where d’ and d'~! represent disparities of certain pixel for current frame and
the previous frame respectively.
Based on the analysis above, the final cost volume is constructed as

Eq. (3.11) and Eq. (3.12) according to smooth regions and unsmooth re-

gions.

Cost (k, dt) = SAD (k, dt) + Z temp (p, d, dt_l) (3.11)

PET

Cost (p, dt) =Qeomp X WMAD (p, dt) + (1 — Qeomp)

(3.12)
x WMGRAD (p, dt) + temp (p, d', dtfl)
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Cost Volume Refinement

Although over-segmentation can make the assumption that pixels in each
segment have similar disparities more likely to be satisfied, a large smooth
region may be partitioned into several smaller regions. In such situation, the
matching problem for textureless regions cannot be solved. The cost volume
of smooth regions and pixels in unsmooth regions are unreliable if they do

not satisfy uniqueness test (i.e., Eq. (3.13)).

cz,—Cs

T‘”’t >T (3.13)

opt
where C}, and C7,, are the optimal value and the sub-optimal value in the
cost volume.

To prevent the mismatch for whole smooth region, the proposed method
matches the unreliable smooth regions again on AIF images through Normal-
ized Cross-Correlation (NCC) (Zhang, Lu, Lafruit, Lauwereins & Van Gool
2009) instead of SAD. If the rematch is satisfy Eq. (3.13), the recomputing
costs in disparity range for the unreliable smooth region are updated to the
co-location in cost volume. And this unreliable smooth region is reset to be

the reliable region.

Initial Depth Generation

After constructing cost volume, Winner-Take-All (WTA) method is adopted
to locally select the best disparity d, for certain pixel p in unsmooth regions
and dj, for the super-pixel k in smooth regions which are shown as Eq. (3.14)
and Eq. (3.15).

argmax Cost (k,d"), if Cost(k,d") is updated
dk — de[dminydmaz} (314)

argmin Cost (k,d"),  otherwise
de[dminadma,m}

d, = argmin Cost (p,d") (3.15)

de [dmzn ,dmar]
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Figure 3.3: The flowchart of refinement for initial depth

3.2.3 Depth Map Refinement

Since there are errors left in the initial depth maps, the special refinement is
proposed for smooth regions and unsmooth regions respectively. Fig. 3.3 is

the flowchart.

Refinement for Smooth Regions

Owing to over-segmentation, the adjacent smooth regions may have the sim-
ilar reliable disparities. Based on this assumption, the unreliable smooth
regions can be refined via the adjacent reliable smooth regions.

The proposed method searches within the neighbor of each unreliable
smooth region, and puts all reliable smooth regions into a candidate list.

If the mean of RGB color channels of a region m (m;) in the list is quite
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different from that of current unreliable smooth region m (7ey), the region
m; will be deleted from the list. Then, the proposed method updates the
depth of current smooth region using depth of the region in the list whose
color is closest to it. If there are no sufficient candidates in the list, the depth
value of current region is unchanged.

Since the disparities of pixels in every smooth region are similar but not
completely consistent with each other, it is necessary to fine tune disparity
for every pixel in smooth regions. A narrow searching range is determined
for every pixel in the smooth regions based on current reference disparities.
Although the matching measure based on color performs poor in the texture-
less region, the AIF features can distinguish pixels whose colors are similar in
textureless regions. Therefore, fine tune is performed on AIF images based
on the NCC matching measure with a 5 x 5 local window. In the proposed
method, the disparity range is chosen as d € [d,ef — 2, d,er + 2]. For robust-
ness, the depth value of the corresponding pixel is updated, only when the

maximum value is larger than 0.85, and it satisfies Eq. (3.13).

Refinement for Unsmooth Regions

For unreliable pixels in unsmooth regions, the depth values of them are re-
fined by using the multi-lateral filtering (Lo, Wang & Hua 2013). In the
filtering process, the weights of pixels which belong to the unreliable smooth
regions and unreliable pixels in unsmooth regions are set to zero. Since
the processing is just executed for the unreliable pixels, little computational

complexity is added.

3.2.4 Experimental Results

In this section, the proposed method is tested on three sequences which
are “Akko”, “Lovebird2” and “Book arrival”, whose resolution are 640 x
480,720 x 576 and 1024 x 768 respectively. All the test sequences are 100

frames in the experiments. The results of the proposed method with /without
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Table 3.1: QUANTITATIVE EVALUATION OF INITIAL RESULTS ON
AVERAGE PSNR oF RENDERED COLOR IMAGES

Methods
FDE | FDE w/o AIF | DERS w/o GC
Sequences
Akko 31.81 31.48 31.29
Lovebird2 31.43 31.33 30.87
Book arrival 34.81 34.52 34.91

refinement and DERS without Graph cut (DERS w/o GC) (Olgierd Stankiewicz

2009) are shown.

Objective Evaluate for Initial Results

To objectively evaluate the initial depth maps estimated by the proposed fast
depth estimation (FDE), the average peak signal to noise ratio (PSNR) of
rendered virtual images are shown in Tab. 3.1 comparing with results of the
propose method without AIF (FDE w/o AIF) and DERS w/o GC. From the
table, it is shown that FDE provides highest average PSNR for “Akko” and
“Lovebird2”. In addition, the PSNR for every frame for three methods above
is shown in Fig. 3.4 which shows that FDE reaches the best performance for
‘Akko’ and ‘Lovebird2’ and provides comparable result for ‘Book arrival’ with

DERS w/o GC.

Subjective Evaluate for Initial Results

In this part, a subjective evaluation on the proposed method is given followed
by a detailed analysis. Fig. 3.5 shows the depth maps estimated by the pro-
posed fast depth estimation (FDE), FDE without using AIF images (FDE
w/o AIF) and DERS w/o GC. From the highlighted regions, it can be seen
that the depth maps estimated by FDE seem perceptually more close to the
scene. The first row shows the results of ‘Akko’, where FDE gives more accu-

rate edge information, especially at positions of the left woman and ball. The
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Figure 3.4: Objective evaluate for initial estimated results: (a) rendering result

of Akko, (b) rendering result of Lovebird2, (c) rendering result of Book arrival.

results of DERS w/o GC (Olgierd Stankiewicz 2009) are rather poor in the
textureless regions. When the AIF is used, some unreliable smooth regions
can be corrected. In addition, the depth of blackboard area in the second row
estimated by FDE is basically true. But the depth accuracy in this region
estimated by DERS w/o GC (Olgierd Stankiewicz 2009) is relatively lower.
To combine the objective evaluation with subjective evaluation for “Akko”
and “Lovebird2”, it can be noticed that the results of the proposed method
obtain the best performance.

For “Book arrival”, although FDE obtains the best result in most fore-
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Figure 3.5: Subjective evaluation for initial results: (a) color images, depth map
estimated by (b) FDE, (c) FDE w/o AIF, (d) BAW.

ground, the depth values of background are wrongly estimated, especially at
the floor in the bottom of the scene. Comparing with the results of FDE w/o
AIF, the improvement of using the AIF image is shown, especially near the
right mans head.

The reason why the depth values of background are wrongly estimated
in FDE is that the scene is inclining. In this situation, although the color is
similar in the floor region, the disparities of the pixels in those regions vary
from each other along the inclining plane. Therefore, the matching of floor

region is unreliable.

Experimental Results of Refinement

To prove the validity of the refinement, the PSNR of every rendered virtual
frame by using refined depth map is given which are shown in Fig. 3.6.
The average PSNR of them are given in Tab. 3.2. For the same reason as

initial depth estimation, the refinement of “Book arrival” is not significant
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Table 3.2: QUANTITATIVE EVALUATION OF REFINEMENT ON AVERAGE
PSNR oF RENDERED COLOR IMAGES

Depth o
Initial Results | Refinement Results
Sequences
Akko 31.81 31.93
Lovebird2 31.43 31.56
Book arrival 34.81 34.86

compared with other sequences.

Complexity Analysis

For all pixel-wise estimation methods, their computational complexity can
be denoted by O (T'S4S,), where S; and S, are the disparity range and the
fixed size of the matching window. 7' is the resolution of color image. By
contrast, the proposed method uses adaptive matching scheme. All pixels
in the same smooth region get a same reference disparity, and then a small
range of disparity candidates is adopted to refine the disparity for every
pixel. In high-texture regions, the small window size S!, < S, is enough to
get the satisfactory results. Based on the analysis above, the computational
complexity of the proposed method can be denoted by O (T7'S,S.), where
S < Sy is the average searching range of all pixels. Furthermore, since the
number of unreliable regions and pixels are small compared with the original
resolution of the images, the computation of refinement is little. In fact, most
of the running time is consumed in the reference image segmentation which
is shown in Tab. 3.3.

The experiments environment is a PC (i3 Intel processor with 2 GB
RAM). The total average running time and the running time of all parts in-
cluding segmentation (Segment), cost aggregation (Matching) and refinement
(Refine) are given in Tab. 3.3. It is shown that the computational complexity

of the proposed method is lower than Stankiewicz (Olgierd Stankiewicz 2009).
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Figure 3.6: Objective evaluate for refinement: (a) rendering result of Akko, (b)

rendering result of Lovebird2, (c) rendering result of Book arrival.

3.2.5 Conclusion

A fast and effective depth estimation method for multi-view video is proposed
by using adaptive matching scheme and AIF images. Three sequences are
used to validate the presented method. The results show that it not only

provides robust depth maps but also reduces running time.
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Table 3.3: AVERAGE RUNNING TIME COMPARISON

Methods FDE
DERS w/o GC -
Sequences Segment | Matching | Refine | Total
Akko 55s 20s 6s 0.4s [26.4s
Lovebird2 60s 25s 7s 0.6s |32.6s
Book arrival 280s 75s 18s 35 96s

3.3 Temporal Consistency Enhancement for

Multi-view Depth Sequences

Since depth maps are estimated frame by frame, temporal consistency prob-
lem occur not only in results of local methods, but also global methods. It
leads to flashing artifacts when rendering virtual view using such depth maps.
The reason is that the depth values of certain regions which should have had
the same depth along adjacent frames are different with obvious gaps. In
addition, it reduces the compress efficiency of depth sequence which have to
allocate more bit to save such artificial inconsistency. This section proposes

a temporal enhancement method for multi-view depth sequences.

3.3.1 DMotivation

Although DERS (Sang-Beom Lee & Ho n.d.) performs estimation by de-
signing a temporal term in energy function, such term is difficult to balance
with other terms among frames which leads to unstable results. Fu et.al. (Fu
et al. 2010) proposed a method averaging the static scene of adjacent frames
to enhance temporal consistency. However, it does not consider the reli-
ability of depth values participating in average which contributes to error
propagation. Based on the analysis above, this section proposes a temporal
consistency enhancement method for depth sequences explicitly considering

reliability of depth and moving attribute of regions.
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Figure 3.7: Framework of temporal consistency enhancement

3.3.2 Proposed Method

This subsection illustrates the proposed method in detail. The flowchart
is shown as Fig. 3.7. The proposed adaptive weight in weighted average
consists of two parts; 1. probability of belonging to static scene, 2. reliability
of depth values. By considering probability of belonging to static scene for
pixels, it can mitigate error propagation to moving regions. And reliability
of depth values can reduce influence of unreliable depth in weighted average
which mitigate error propagation among adjacent frames. At the same time,
because it is assumed that sequence can be modeled as Markov model, the
previous and next frames have the strongest relationship with the frame to
be enhanced. Therefore, the proposed weighted average is restricted to two
adjacent frames which is designed as Eq. (3.16). To simplify equation, all the
depth values d in certain depth frame to be enhanced are gathered into D.
And in Eq. (3.16), all the pixels are element-wise processing, but not matrix

multiplication.

D/ o wpﬁleprev + ﬁchurr + wn/@nDnext
curr wpﬁp + /Bc + wn[@n
where Deyrr; Dprev and Dpext are depth values of current depth frame, pre-

(3.16)

vious depth frame and next depth frame respectively. D’ is depth values
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of enhanced depth frame. wP and w™ are probability of belonging to static
scene for all pixels in previous depth frame and next depth frame. BP, 3¢
and B"™ are reliability of depth values for all pixels in previous depth frame,
current depth frame and next depth frame respectively. In the rest parts of

this subsection, the details of w and B computing are addressed.

Computing Probability of Belonging to Static Scene

Based on the observation that static regions share the similar color between
adjacent frames, Mean of Absolute Differences (MAD) is used to evaluate
whether pixels belong to static regions. The evaluation is performed within
a local window centered at the pixel to be evaluated. Motivated by bilateral
filter (Tomasi & Manduchi 1998), the reliability of static for pixel 7 is modeled
as exponential function Eq. (3.17). To be robust, such weight is truncated

to 0 for pixels belonging to moving regions with large MAD.

—MAD, (ref}d ,tarf‘,)

w (i) = e P , MAD (refw, tarw) < Thgtatic (3.17)

0, MAD (ref:_,, tarfd) = Thgtatic
where w (i) is an element of w representing the weight of i-th pixel in the
depth frame. ref! and tar! are color of pixels within local windows centered
at ¢ in adjacent two depth frames. So wP is computed between current depth
frame and previous depth frame. And w™ is computed between current depth

frame and next depth frame. Thg;. and §, are predefined parameters.

Computing Reliability of Depth

Due to noise in estimated depth maps, reliability of depth values should be
explicitly considered which gives larger weight to more reliable depth. For
each pixel in depth map of current view, since the corresponding pixel in
other view can be computed by using disparity, the reliability of depth can
be evaluated by the MAD between the local windows centered at such pixel

pair. To handle occlusion, the evaluation is performed on left and right
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adjacent views and lower MAD is chosen. Similar to computing probability
of belonging to static scene, the reliability of depth for pixel ¢ is modeled
as exponential function as well. The equation is shown as Eq. (3.18) and
Eq. (3.19).

—MAD"®

B(i)=¢ (3.18)

MAD' = min (MAD <ref},, lefti[jdi) ,MAD (refé, righti[;di>> (3.19)

where (3 (i) is an element of 3 representing the reliability of i-th pixel value
in the depth frame. d; is the disparity for z. Therefore, the corresponding
pixels for ¢ in current view are i + d; and ¢ — d; in the left and right views
respectively. refga and is the local windows centered at ¢ in current view. left
and right are depth maps in left and right adjacent views. dg is a predefined

parameter.

Window Size Selection

Since probability of belonging to static scene and reliability of depth values
are computed within a local window, it is necessary to adaptively select the
size of such windows. For computing reliability of depth, it requires as many
pixels as possible in local window sharing the same depth. So a small window
size is preferred. However, evaluation within a large window is more robust
to noise. In the proposed method, a balanced scheme is designed which
predefines a list of window sizes including 9 x 9, 7 x 7, 5 x 5 and 3 x 3.
The largest size is firstly selected, and the variance var for such local
window in the depth map is computed. If var is larger than the predefined
threshold, it represents that the depth values within local window are not
similar. So it should reduce the window size and recheck wvar in the new
window. The processing is stopped either var is less than threshold or the

smallest size is selected.
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Figure 3.8: Static regions of test sequences for evaluation marked by black rect-
angles, (a) static region for Akko, (b) static region for Lovebird2, (c) static region

for Newspaper

3.3.3 Experimental Results

This subsection includes four parts: 1. temporal consistency evaluation on
enhanced depth maps directly, 2. PSNR on rendered color images, 3. coding
efficiency for enhanced depth maps, 4. subjective evaluation of temporal
consistency. The proposed method is tested on “Akko”, “Lovebird2” and
“Newspaper” sequences each of which has five views and 100 frames for
each view. All initial depth sequences are estimated by (Sang-Beom Lee &
Ho n.d.) (DERS). Fu et.al. (Fu et al. 2010) (Fu) and the proposed method

(Pro) are post-processing for such initial depth sequences.

Temporal Consistency Evaluation

Temporal consistency is evaluated on the marked regions shown as Fig. 3.8
which are static scenes. In such regions, depth of pixels on the same location
within all frames are gather as a random variable. The variance of each
variable is computed independently. The mean of all variances ¢ is the
metric for evaluation.

Tab. 3.4 shows the result for temporal consistency enhancement which
includes two views. From Tab. 3.4, the smallest ¢ is shown in the proposed

method which proves its validity.
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Table 3.4: CONSISTENCY EVALUATION FOR STATIC REGIONS

Methods
DERS Fu Pro
Sequences
Al view 27: 4.13783 |view 27: 2.97219 |view 27: 2.16260
0
view 29: 4.23303 | view 29: 2.88039|view 29: 2.18859
view 8: 5.74500 | view 8: 4.10575 | view 8: 3.29371
Lovebird2
view 10: 1.02452 |view 10: 0.32442 |view 10: 0.02412
view 4: 2.68074 | view 4: 1.50024 | view 4: 1.49006
Newspaper
view 6: 3.10664 | view 6: 1.8965 | view 6: 1.88509

Table 3.5: COMPARISON OF AVERAGE PSNR orF RENDERED COLOR

IMAGES
Methods
DERS Fu Pro
Sequences
Akko 33.70 dB | 33.73 dB | 33.75 dB
Lovebird2 31.65 dB | 31.70 dB | 31.72 dB
Newspaper 32.67 dB | 32.69 dB | 32.74 dB

PSNR on Rendered Color Images

To further validate the proposed method, the quality of rendered color images
by using enhanced depth maps are evaluated. Tab. 3.5 shows average PSNR
for rendered color images. It presents that the quality of depth maps are

improved by the proposed method.

Coding Efficiency Evaluation

This part shows the bit rate (BR) of coding depth sequence enhanced by
the proposed method as well as average PSNR of rendered color images
using corresponding decoded depth maps. Testing sequences are “Akko”,
“Lovebird2” and “Newpaper” with three QPs (i.e., 22, 27 and 32) for each
sequence. Tab. 3.6 provides the performance of the proposed method (Pro)
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Table 3.6: COMPARISON OF DEPTH SEQUENCE CODING PERFORMANCE

o Methods| BIGDERS | PSNRDERS | BR-Pro | PSNf:Pro| V BR| V BSNR
equences it /s dB kbit /s dB % dB
2 | 762 34.27 668 3436 | -12.3 | 10.09
Akko 27 | 428 34.33 341 3439 |-203| 40.06
32 | 207 34.32 176 3440 | -224 | 40.08
22 | 1559 3157 1141 | 3165 |-268| +0.08
Lovebird2 27 | 858 31.63 585 31.69 | -31.8 | 40.06
32 | 433 31.67 285 3174 | -342| 40.07
2 | 429 32.57 354 3258 | -17.5 | +0.01
Newspaper 27 228 32.62 191 32.63 -16.2 +0.01
32 120 32.64 102 32.64 | -15.0 0

comparing with (Sang-Beom Lee & Ho n.d.) (DERS). It illustrates that the
depth sequence enhanced by the proposed method not only significantly saves

bit-rate, but also improves the quality of rendering color images.

Subjective Evaluation of Temporal Consistency Enhancement

Since the proposed method only enhances the depth for static regions to
mitigate flashing artifacts in rendered images, the average PSNR does not
gain significant improvement. However, the improving temporal consistency
of enhanced depth sequence can be seen via subject evaluation as shown in

Fig. 3.9 which places multiple adjacent depth maps for subjective evaluation.

3.3.4 Conclusion

This section proposes a temporal enhancement method for estimated multi-
view depth sequences. It is an adaptive weighted average scheme which
explicitly considers reliability of depth and moving attribute of regions. Ex-
perimental results proves that the coding efficient for enhanced depth maps
can be significantly improved. Since the proposed method only enhances
the depth for static regions to mitigate flashing artifacts in rendering virtual
images, the average PSNR does gain significant improvement. However, sub-
jective evaluation shows that the temporal consistency of depth sequence is

improved.
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Figure 3.9: Subjective evaluation of temporal consistency, (a) 4 consecutive

frames of color sequence (b) corresponding 4 consecutive depth maps estimated
by DERS (c) corresponding 4 consecutive depth maps enhanced by the proposed
method

3.4 Summary

This chapter firstly proposes a passive acquisition method via fast stereo
matching which takes adaptive matching scheme and affine invariant feature
into account. It not only decreases computing complexity, but also obtains
more robust results on textureless regions. Subsequently, a temporal en-
hancement method is proposed for estimated multi-view depth sequences to
mitigate flashing artifacts in rendering virtual images. Such two methods are

validated by sufficient experiments.
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Chapter 4

Color-Guided Depth Map
Enhancement for RGB-D Data
via Markov Random Field

4.1 Related Work

Depth enhancement consists of two different problems which are depth map
super-resolution (SR) and depth map completion according to ToF sensors
and structured-light sensors. Depth map SR focuses on enlarging the spatial
resolution and depth completion focuses on filling the missing depth values.
Such two problems are similar and can be casted into a uniform formula-
tion (Yang, Ye, Li, Hou & Wang 2014, Park et al. 2014).

Without relying on the external datasets, the approaches exploit co-
occurrence property between edges on depth map and ones on corresponding
color image which can be classified as filter-based methods and optimization-
based methods.

The pioneer work in filter-based methods is joint bilateral upsampling
(JBU) framework proposed by Kopf et al. (Kopf et al. 2007). The edges
of the low-resolution (LR) depth map can be refined according to the edges

of the registered high-resolution (HR) color image using bilateral filtering
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techniques. Liu et al. (Liu et al. 2013) propose a variant of JBU. It com-
putes weights for average based on geodesic which is a joint space of color
and distance instead of separating color space and distance space. Yang et
al. (Yang, Yang, Davis & Nistér 2007) refine depth maps iteratively via cost
volume which consists of a set of depth candidates. Each element in cost
volume is computed by JBU with certain depth candidate. He et al. (He
et al. 2010) propose a guided image filtering for depth enhancement. It
models a linear relationship between the output and guiding image which is
based on the assumption that the output has an edge only if the input has
an edge. Min et al. (Min et al. 2012) propose a Weighted Mode Filtering
method (WMF) based on joint histogram of depth candidates. It enforces
the result to satisfy the requirement of L1 norm minimization which is more
robust to outliers than L2 norm minimization. Lo et al. (Lo et al. 2013) pro-
pose a joint trilateral filtering (JTF) for depth enhancement. The difference
between JBU and JTF is that this filter integrates local gradient informa-
tion of the LR depth map. Hua et al. (Hua et al. 2016) propose a depth
SR approach which adopts onion-peeling filtering procedure to exploit local
gradient information of depth maps. Filter-based methods perform fast but
the ability of denoising is limited due to local solution.

Compared with filter-based methods, optimization-based methods are
more robust to noise. Diebel et al. (Diebel & Thrun 2005) model depth
map SR as solving a multi-labeling optimization problem via MRF. Lu et
al. (Lu, Min, Pahwa & Do 2011) extend this work by designing a data term
which can better fits to the characteristics of depth maps. Zhu et al. (Zhu,
Wang, Gao & Yang 2010) update the traditional spatial MRF to dynamic
MRF which introduces both spatial and temporal information in an energy
function to improve the accuracy and the robustness of depth map SR for
dynamic scenes. Park et al. (Park et al. 2014) propose a non-local term
to regularize depth maps and combined it with a weight scheme which in-
volves edge, gradient, and segmentation information extracted from HR color

images. Ferstl et al. (Ferstl et al. 2013) model regularization term as a sec-
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ond order total generalized variation smoothness constraint and guided the
depth map SR with an anisotropic diffusion tensor which is computed from
the registered HR color image. Yang et al. (Yang, Ye, Li, Hou & Wang 2014)
achieve depth enhancement via the color-guided auto-regression model (AR).
The AR predictor for each pixel is constructed according to both the local
correlation on the initial depth map and the nonlocal similarity in the reg-
istered high-quality color image. Liu et al. (Liu, Chen, Yang & Wu 2017)
design the regularization term base on a robust M-estimator to implicitly

handle the inconsistency between depth map and registered color image.

4.2 Challenges in Guided Depth Enhancement

Basically, the quality of depth edges in low resolution can be improved based
on the guidance provided by the corresponding color edges. However, the
assumption that the depth edges and the color edges at the corresponding
locations are consistent is not always true. The incorrect guidance from
the companion color image will lead to texture-copying artifacts and blur-
ring depth edges on the enhanced depth map. Texture-copying artifacts
are caused by the situation that actual smooth depth regions correspond to
color regions with rich texture. By contrast, blurring depth edges are nor-
mally see in the case that smooth color regions correspond to depth regions
with edges. Please refer Section 1.1 which illustrates the edge inconsistency
explained above.

There have been several works (Park et al. 2014, Yang, Ye, Li, Hou &
Wang 2014, Hua et al. 2016, Choi & Jung 2014) which balance the contri-
bution from the original depth map and the companion color image to solve
these challenges, but such methods have two drawbacks: 1. They do not
explicitly evaluate the edge inconsistency between the color image and the
corresponding depth map. Therefore, they cannot adaptively control the ef-
forts of the guidance from the color image when enhancing the depth map.

2. The edge guidance affinities in MRF energy function are computed only
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based on color and depth differences between the pixel and its neighbor pix-
els on color image and coarsely interpolated depth map independently. Such
non-structural computing scheme ignores local depth structure.

This chapter proposes three methods to solve these challenges which pro-
vide progressive improvement. More specifically, proposed hard-decision and
soft-decision edge inconsistency measurement are to solve drawback 1, and
proposed Minimum Spanning Forest aims to solve drawback 2. Such pro-
posed methods are embedded into Markov Random Field (MRF') which are

explained in details in the following sections.

4.3 Color-Guided Depth SR via MRF Em-
bedded with Hard-decision Edge Incon-

sistency Measurement

To evaluate edge inconsistency between low-resolution (LR) depth map and

high-resolution (HR) color image, a few specific points should be discussed.

e To measure the inconsistency between the depth edge map and the
color edge map, the resolutions of these two edge maps must be the
same. In this case, the depth map in lower resolution or with holes is
coarsely interpolated to the same resolution as HR color image through

gridded or scattered interpolation methods before edge detection.

e Because the color image and the corresponding depth map have the
structural similarity which is clearly observed on the relevant binary
edge maps, the proposed method measures the inconsistency between
the binary edge maps generated from the color image and the corre-

sponding depth map respectively.

Canny operator (Canny 1986) is adopted to detect the edges of the
coarsely interpolated depth map and the corresponding color image. Due

to low resolution or noise, depth edges may shift from their true positions
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on depth edge map. So compared with registered color edges, inconsistent
depth edges can be classified into two types; the one is degraded by coarse
interpolation but can be refined via guidance from high-quality color edges,
the other one is edge inconsistency shown in Section 1.1. A direct solution is
to classify such two cases for all edge pixels via hard-decision which definitely
determines the real case. Motivated by the number of errors must be less
than the capability in error correction coding, it is assumed that depth edge
is degraded by coarse interpolation when the displacement between it and
the nearest color edge are less than a threshold. Otherwise, it is treated as

true edge inconsistency.

4.3.1 Energy Function Construction for MRF

According to the Hammersely-Clifford theorem (Hammersley & Clifford 1971),
the proposed method defines the objective function for depth SR as Eq. (4.1).

D* = argmin > A Euata (dp, 0p) + A > NE,ey (dy, dy)

dpeD 0p€0O p q€Np
Edata (dpa Op) = |dp - OP|
Ereq (dpv dq) = ‘dp - dq’

(4.1)

where D is the depth map. O consists of observed depth values. p,q are
pixel locations on the enhanced depth map. The observed depth value of p
is 0,. Ny is the set of 4-connected neighboring pixels of p. Ejq, is the data
term which indicates the compatibility of enhanced depth with the observed
values. FE., is the regularization term which leads to a piecewise smooth
solution and penalizes the different depth assignments for neighboring pixels.
A is used to balance the data term and regularization term. A, represents
confidence of observed depth value o,. A2? stands for the anisotropic affinity
of p,q which is embedded with proposed hard-decision edge inconsistency
measurement. Ay and A9 are explained in the following parts respectively.

Such optimization problem is solved by Graph cut (Boykov et al. 2001).
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Outliers Detection

Observed depth values of the pixels located at depth edges on the low-quality
depth map are unreliable, since they are blurred by mixing the depth values
of two different depth layers. Therefore, they should not participate in data
term construction. In the proposed method, the simple canny operator is
adopted to detect the edges of low-resolution depth map. A} is a binary
value which is assigned to 0 when p is an edge pixel, otherwise it is assigned
to 1.

Anisotropic Affinity Computing

For every pixel ¢ in the neighbor of pixel p, the anisotropic affinity A\2? of

pixel pair p, ¢ is determined by AP and A? which are explained as follows:

e If p consistently locates on edge or smooth region in color image and
coarsely interpolated depth map, it is assumed that the color distribu-
tion are consistent with the depth distribution near p. A\? can be formed
as weight function introduced in JBU (Kopf et al. 2007) to determine
the effect of guidance from the color image which is named as “Guided

by color” hereafter.

e If p locates on edge in color image but not in coarsely interpolated
depth map, a search window on such depth map is defined. A\ can
be assigned to “Guided by color” when there are edges existing in the
search window, otherwise it is classified into the situation of true edge
inconsistency. Since p locates in a smooth region on the depth map, A2
must be assigned to large value to suppress different label assignments

for neighboring pixels, which is named as “Smooth region” for brief.

e If p locates on edge in coarsely interpolated depth map but not in color
image, a search window on color image is defined. AP can be assigned to
“Guided by color” when there are edges existing in the search window,

otherwise, it is classified into the situation of true edge inconsistency.
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Table 4.1: A7 VALUE TABLE

2\
N B Guided by color | Near edges | Smooth region
Guided by color | Guided by color | Near edges | Smooth region
Near edges Near edges Near edges N/A
Smooth region | Smooth region N/A Smooth region

Since p locates near depth edges, A2 must be assigned to small value
to encourage different label assignments for neighboring nodes, which

is named as “Near edges” for brief.

According to the analysis above, \? and \? are assigned as Eq. (4.2).

viZ,
e 9 Guided by color
VIZ‘"HJI
Al =Re 2 “ Near edges (4.2)

*€{p,q} or?
_ arge

e & Smooth region

where VI, represents the luminance difference of pixel pair p,q. In the
proposed method, VI, = 1 and VI, = 254.

Because of the symmetrical relationship of p, ¢ in pixel pair, A7 is deter-
mined by A2 and A!. In fact, if A and A\? make the same decision, A\2? is
determined without ambiguity. In addition, according to the definition, it is
noticed that if AP is classified into “Smooth region”, A? cannot be classified
into “Near edges”, and vice versa. For the rest situations, if A2 is classified
into “Guided by color” and A? is classified into others, it is shown that ¢ is
near the edge of either the color nor depth, therefore, \2¢ must be determined
by AL All the situations are shown in Tab. 4.1 where the value sets of \? and
A? are listed in the first column and row respectively. under specified choice

of A and A?, the values of A\?? are shown in the table.
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Table 4.2: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
NOISE-FREE MIDDLEBURY DATASETS “ART”, “BOOK” AND “MOEBIUS”

Datasets Art Book Moebius
Methods 2x | 4x | 8x |16x | 2x | 4x | 8 |16x | 2x | 4x | 8x | 16X
Bicubic 0.4810.97]1.85|3.590.13/0.29 | 0.59 | 1.150.13| 0.30 | 0.59 | 1.13
OMRF 0.59]0.96 | 1.89|3.78 | 0.21 | 0.33 | 0.61 | 1.20 | 0.24 | 0.36 | 0.65 | 1.25
JBUV 0.55]0.68 | 1.44 | 3.5210.29 | 0.44 | 0.62 | 1.45| 0.38 | 0.46 | 0.67 | 1.10
JBU 0.45]0.85]1.68 |3.35]0.17/0.36 | 0.74 | 1.56 | 0.18 | 0.37 | 0.76 | 1.46
Guided 0.63|1.01|1.70 | 3.46 | 0.22 | 0.35 | 0.58 | 1.14 | 0.23 | 0.37 | 0.59 | 1.16
TGV 0.45]0.65 | 1.17|2.30 | 0.18 | 0.27 |0.42|0.82| 0.18 | 0.29 | 0.49|0.90
MLS 0.27|0.68 | 1.04 (2.20|0.16 {0.26| 0.48 | 1.16 | 0.15 |0.25|0.49 | 0.93
Pro-Hard 0.40 [0.561.03|2.38 | 0.14 | 0.27 | 0.48 | 0.92 | 0.15 | 0.30 | 0.62 | 1.20

4.3.2 Experimental Results

To evaluate performance of the proposed method, the Middlebury stereo
dataset are used (Middlebury Datasets [Online/ n.d.), which provides RGB-D
image pairs. The HR depth maps are downsampled by four factors (i.e., 2x,
4%, 8x and 16x) to generate LR input. The proposed method (Pro-Hard) is
compared with Bicubic interpolation (bicubic), Original MRF-based method
(OMRF) (Diebel & Thrun 2005), Joint bilateral upsampling (JBU) (Kopf
et al. 2007), Spatial-depth super resolution for range images (JBUV) (Yang
et al. 2007), Guided image filtering (Guided) (He et al. 2010), Total gener-
alized variation (TGV) (Ferstl et al. 2013) and moving least squares filter
(MLS) (Bose & Ahuja 2006).

The objective results evaluated by MAD (mean of absolute differences)
are shown in Tab. 4.2 and Tab. 4.3. Overall, the proposed method can
provide satisfied results for small upsampling factor. However, the perfor-
mance is not robust for large upsampling factor. As the upsampling factor
increases, the quality of edge maps is degraded significantly. So the drawback
of hard-decision edge inconsistency measurement is shown. Compare with
the proposed method, MLS (Bose & Ahuja 2006)and TGV (Ferstl et al. 2013)

perform better in the cases of large upsampling factors (e.g., 8x and 16 X).
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Table 4.3: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
NOISE-FREE MIDDLEBURY DATASETS “REINDEER”, “LAUNDRY” AND

“DoLLs”

Datasets Reindeer Laundry Dolls
Methods 2x | 4x | 8x [16x | 2x | 4x | 8x [16x | 2x | 4x | 8% |16x
Bicubic 0.300.55]0.99|1.88]0.28 | 0.54 | 1.04 | 1.95|0.20 | 0.36 | 0.66 | 1.18
JBU 0.27 10.50 | 1.00 | 1.89 | 0.26 | 0.49 | 0.94 | 1.95 | 0.20 | 0.38 | 0.74 | 1.46
Guided 0.42]0.530.88|1.80]0.38|0.52]0.95|1.90|0.28 | 0.350.56| 1.13
TGV 0.32]0.49 1 1.03 | 3.05]0.31 | 0.55 | 1.22 | 3.37 | 0.21 |0.33| 0.70 | 2.20
MLS 0.32]0.6410.74|1.43|0.23 |0.39|0.81|1.53| 0.24 | 0.36 | 0.61 |0.98
Pro-Hard 0.21/0.40|0.74|1.50 |0.21]0.47 | 0.90 | 2.02 |0.18] 0.37 | 0.72 | 1.44

4.3.3 Conclusion

This section proposes a depth SR method with embedded hard-decision edge
inconsistency measurement. Although it provides satisfied results for small
upsampling factors (i.e., 2x and 4x), the performance is not robust for large
upsampling factors. The reason is that the hard-decision edge inconsistency
measurement cannot work well when the quality of coarsely interpolated

depth map is very low.

4.4 Color-Guided Depth Enhancement via MRF
Embedded with Soft-decision Edge Incon-

sistency Measurement

Due to the drawback of hard-decision edge inconsistency measurement, this
section proposes a soft-decision edge inconsistency measurement method
which more precisely measures the degree of inconsistency occurring between
depth edges and the corresponding color edges in a numerical way. Such edge
inconsistency measurement is embedded into MRF which has stronger abil-
ity in mitigating texture-copying artifacts and preserving depth edges than

hard-decision counterpart.
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4.4.1 Modifications in MRF Energy Function

Since multi-labels optimization via graph cut cannot reach the global mini-
mum exactly and depth value is always recorded in mm unit as a continuous
floating value, e.g. ToF-Mark datasets (Ferstl et al. 2013), this section con-
structs MRF with continuous variables. To simplify the optimization, the
energy function is modified as Eq. (4.3).

D* = arg min Z Eaata (dy, 0p) + A Z Z NIE, o (dy, dy)

dpeD 0p€0 p q€Np
Edata (dpu OIJ) - (dp - OP)2
Ereq (dpv dq) = (dp - dq)2

(4.3)

where A7 is computed based on proposed soft-decision edge inconsistency
measurement.

The main differences between this model and the one introduced in the
previous section are in two aspects; 1. By assuming Gaussian noise in raw LR
depth map, data term and regularization term are defined in square function
instead of absolute counterpart for better denoising performance. 2. Due to
the drawback of hard-decision edge inconsistency measurement, the affinities
of regularization term in this section are computed by soft-decision edge

inconsistency measurement which is expressed in the following subsections.

4.4.2 Soft-decision Edge Inconsistency Measurement

Motivated by (Jang & Kim 2012), the inconsistency measurement between
the color edge map and the depth edge map can be modeled as a bi-directional
edge map quality assessment. However, in (Jang & Kim 2012), common edge
map quality measurement is based on the position shift of each edge pixel
against the position on the ground truth. The case to be investigated here
is different. In the case of depth enhancement, the matched edge pixels on
the depth edge map and the color edge map which should have located in
the same position always have displacement with each other. The reasons

are some pre-processing such as coarse interpolation as explained above or
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noise in depth sensors. Thus, it is impossible to measure the inconsistency
on the difference between the positions of each pair of matched edge pixels
like the existing edge quality measurement methods (Jang & Kim 2012, Pri-
eto & Allen 2003). Instead, the proposed edge inconsistency measurement
method is based on the structure similarity of the edge maps which considers
the structure presented by local neighboring regions as well as the global
structure of the whole edge map. For convenience, the following explanation
is based on the reference edge map and the target edge map whose meaning
can be found in the end of this part.

For each edge pixel on the reference edge map, it will search the best
consistency on the target edge map within a neighboring region around the
corresponding position. This implies that if the color edge and the depth edge
are consistent, the displacement of matched edge pixels should be constrained
in a small range. Moreover, strength and orientation of the displacements
of all matched edge pixels in a nearby region should be consistent. These
two constraints are solved in an MRF optimization through its data term
and regularization term respectively as Eq. (4.4). The data term implies
local structure information and regularization term implies global structure
information. Therefore, the edge inconsistency measurement is robust to the
errors in the original depth edge map. It should be addressed that this MRF
problem is to perform edge inconsistency measurement but not for the depth

enhancement task.

L' =argmin »_ Clpp+5)+p Y > Vi) (4.4)

S — peref geNp
where C' and V' are functions defined for data term and regularization term
in MRF respectively. p is a balance factor between data term and regulariza-
tion term. It is set to 0.1 in the proposed method. p represents the position
of an edge pixel on the reference edge map ref. Ny, is the set of 8-connected
neighboring pixels of p. [, which is an element of L stands for the displace-
ment for p. Therefore, p+1, represents the position of the edge pixel £ on the

target edge map. Since the sub-pixels created virtually by interpolation pro-
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cess may not be stable, each edge pixel in the reference edge map is mapped
to the existing edge pixel detected in the target edge map. In other words,
the proposed method assigns L in integer pixel precision and this is a discrete
MRF optimization problem. In all experiments, the size of the searching win-
dow determines the range of [, which is 5x5 for 2x SR, 7x7 for 4x SR, 9x9
for 8x SR, 11x11 for 16x SR and 7x7 for depth map completion without
SR. The data term C' (p, k) is the cost of matching the reference edge pixel p
against the target edge pixel k. Given p, if corresponding target pixel k on the
target edge map is not an edge pixel, it is regarded as definite inconsistency
under current /,. In that case, C'(p, k) is assigned to the maximum inconsis-
tency value (i.e., 1 in the proposed method). Otherwise, this inconsistency
is measured on two patches where the edge pixel p and the edge pixel k are
the center positions respectively. In the proposed method, the size of the
patch is 3x 3. This measurement is sorted out through Minimum Weighted
Bipartite Matching (Kuhn 1955) which is more robust than Mean of Abso-
lute Difference (MAD). Actually, Minimum Weighted Bipartite Matching is
based on structure similarity. However, MAD only considers difference of
each pixel pair independently. In a weighted bipartite graph, each graph
edge has an associated value. A Minimum Weighted Bipartite Matching is
to find the best matching where the sum of the values of graph edges (graph
edges are the set of arcs or lines in graph theory) linking matched vertices is
a minimum. In the propose method, the quality of the bipartite matching is
measured according to the difference between the locations of the matched
edge pixels and the amounts of edge pixels in two patches. Fig. 4.1 provides
an illustration on the advantage of Weighted Bipartite Matching compared
with MAD. In the three patches shown in Fig. 4.1, white pixels and black
pixels represent edge pixels and non-edge pixels respectively. When MAD is
applied, both (b) and (c) (i.e., the target patches) have the same matching
cost to the reference patch a). However, it can be observed that, in term of
local structure, target patch b) is closer to a). Such fine-grained level sim-

ilarity can be successfully picked up by Bipartite Graph Matching used in
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axn ual

(a) Reference patch (b) Target patch 1 (c) Target patch 2

Figure 4.1: An illustration on the advantage of Weighted Bipartite Matching

the proposed method. Based on the analysis above, the data term C (p, k)

is expressed as Eq. (4.5).

Cp.k) = 1 (definitely inconsistency), if k ¢ edge pizels (45)
BM (R, Rk, E, W), otherwise

where BM stands for Minimum Weighted Bipartite Matching (Kuhn 1955).
The bipartite graph G (Rp, Rk, E, W) is defined as follows; R, and Ry are
vertices. E represents graph edges between vertices and W is the vec-
tor which assigns weight to each graph edge in E. Specifically, R, =
{ep1,epa,...epy} and Ry = {eky,ekq,...ck,} represent the sets of edge
pixels in the two patches (excluding p and k which are the center edge pixels
of these two patches). m and n are the amount of edge pixels inside these
two sets respectively. Thus, the inconsistency measurement between p and
k is regarded as a matching problem between two data sets R, and Ry.
In addition, the locations of an edge pixel and its true matched edge pixel
are assumed to be close to each other. This assumption complies with the
similarity of local structural information. Therefore, each element of W is

defined as ¢ (ep;, ek;) which is a monotonic function that returns a positive
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penalty for local structural matching.

o (epi,ek;) = f (‘epf — ek:ﬂ + ‘epf — ek‘;") (4.6)

where f(0) =0, f(1)=1, f(2)=1.6 and f (z) =2, if z > 2. ep? and ep!
are the coordinates of the edge pixel ep; respectively.

Minimum Weighted Bipartite Matching (Kuhn 1955) is employed to en-
force one-to-one matching between the edge pixel data sets above. That is, it
assures any edge pixel in R, /Ry matches at most one edge pixel in Ry /R,
with |m — n| unmatched pixels. Fig. 4.2 gives an illustration of Minimum
Weighted Bipartite Matching with unmatched pixels marked. Actually, the
amount of unmatched pixels also reflects the structure differences between
the edge pixel sets R, and Ry. Furthermore, to effectively mitigate the ef-
fect of edge detection errors in noisy depth maps, the difference reflected by
these unmatched pixels should be taken into account. It can be observed
that when the numbers of edge pixels in both patches are very different, the
proposed method considers that this edge may be caused by noise or this
matching is not reliable. Therefore, it should add large cost to this match-
ing. To consider these issues above, the edge inconsistency measurement
term BM (Rp, Rk, E, W) in Eq. (4.5) is carefully adjusted and defined as
Eq. (4.7)

BM (Rp,Rx, E, W) =

4.7
Z ¢(mps,mks) /2—|— ’m_n’ /8 ( )

(mps,mks) ER;)k

where R, = {(mpi, mky), (mpz, mks) ,...(mp,, mk,)} is the set of edge
pixel pairs selected by Minimum Weighted Bipartite Matching (Kuhn 1955).
¢ (mps, mks) is the weight of the edge linking the edge pixels mp, and mk;
with s = {1,2...r}. Therefore, > ¢ (mps, mky) is the matching

(mps,mks)ERLY
cost of Minimum Weighted Bipartite Matching mentioned above. In order
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Figure 4.2: An illustration of Minimum Weighted Bipartite Matching problem
with (a) configuration of a weighted bipartite graph and (b) a result of Minimum
Weighted Bipartite Matching with unmatched pixels marked in bold.

to constrain the data term C' (p, k) in the range of [0, 1], the common nor-
malization process is applied on Eq. (4.7).
V (l,,1,) is the regularization term in Eq. (4.4), which gives a penalty

when adjacent edge pixels have different displacements as,

Vi) = (@5)
geNy, 1, otherwise
where [, is the same as Eq. (4.4), representing the displacement vector for
the edge pixel p.

Once the data term and the regularization term in Eq. (4.4) are defined
(see Eq. (4.5) and Eq. (4.8)), Graph cut (Boykov et al. 2001) is adopted to
solve the multiple label MRF optimization problem. Then, the inconsistency
measurement for edge pixel p represented by C (p,k) can be computed by
the optimized displacement [; € L*. In this proposed method, the incon-
sistency map Cier is the set of C (p, p+ l;), representing the inconsistency
measurements for all edge pixels in the reference edge map. If there is no

matching found for certain edge pixel, the displacement [ of this edge pixel is
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meaningless. And its inconsistency value is assigned to maximum value (i.e.,
1 in this work).

The edge inconsistency is measured based on the reference edge map
against the target edge map. Thus, the measurement results will be different
when swapping these two edge maps. In this work, the two edge maps are the
color edge map and the corresponding depth edge map. When the color edge
map is regarded as the reference edge map, it can be observed that the most
inconsistent positions detected reflect the texture-copying happening areas.
On the other hand, when the depth edge map is regarded as the reference
edge map, it is observed that the most inconsistent positions detected reflect
happening areas of blurring depth edges. Fig. 4.3 illustrates the bi-direction
inconsistency measurement for Middlebury dataset Art which is expressed in
false color images. In Fig. 4.3c and Fig. 4.3d, the color along the edge pixels
represents the strength of inconsistency of the edges between the reference
edge map and the target edge map. According to the color scale coding in
Fig. 4.3e, the color code on the leftmost side (i.e., dark blue) means the most
consistent case. On the contrary, the color code on the rightmost side (i.e.,
dark red) means the most inconsistent case.

After the bi-direction evaluation, there are two inconsistency maps Ceolor
(the color edge map is regarded as the reference edge map), Cgeptn (the
depth edge map is regarded as the reference edge map) as well as two sets of
displacements Leotor, Ldeptn (defined in the same way as Ceolor and Cagepth)
for an image pair. Before embedding the inconsistency measurement values
into the proposed MRF-based model, these two inconsistency maps must be
consolidated with each other.

As mentioned before, the positions of edge pixels on the coarsely inter-
polated depth map are unreliable. On the contrary, the positions of edge
pixels on the color edge map are more precise because of high quality of
the color image. Through the solution of the MRF optimization problem in
Eq. (4.4) with the depth edge map as the reference edge map, the displace-
ment between each depth edge pixel p and its matched color edge pixel k is
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() (b)

(e)

Figure 4.3: The bi-direction inconsistency measurement for Middlebury dataset

“Art, (a) the color edge map, (b) the depth edge map, (c) the edge inconsistency

measurement in the case that the color edge map is the reference edge map, (d) the

inconsistency measurement in the case that the depth edge map is the reference

edge map, (e) the color scale coding (The color code on the leftmost side (i.e.,

dark blue) means the most consistent case between two edge maps. The color code

on the rightmost side (i.e., dark red) means the most inconsistent case between

two edge maps). The inconsistency values of non-edge pixels in (b) and (d) are

unavailable. They are shown in gray which is out of the color scale coding (e).
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Laeptn (p). Consequently, the true location of the observed depth edge pixel
p supposes to be more close to p + Lgeptn (p) when Cgeptn (p) # 1. For the
case of definite inconsistency Cgeptn (p) = 1, the position of the edge pixel p
is unchanged because there is no matched edge pixel in the color edge map.
Moreover, due to the uncertainty of displacements, given a color edge pixel
P/, it may correspond to more than one depth edge pixels p. Under this sit-
uation, the inconsistency value of the best mapping edge pixel position with
the lowest cost is updated. In the proposed method, the adjusted C'geptn is

expressed as,

C,depth (p/) = min Cde]:)th (p) 5 Zf Cdepth (p) ?é 1
pe{plp'=p+Laeptn(p) } (4.9)
Cdepth (P) = Cdeptn (), otherwise

Once two inconsistency maps C'gepth and Ceolor are aligned, a confidence
map « is defined as Eq. (4.10) which has considered the inconsistency mea-
surement in the bi-direction calculation. It describes the final inconsistency

status between the color edge map and the depth edge map.

Q= max (Cldepthz Ccolor) (410)

In the next subsection, in order to improve the performance of color-
guided depth enhancement, this measurement is applied into MRF to fine

tune the efforts of the guidance from the color image.

4.4.3 Embedding Edge Inconsistency Measurement into
MRF

Generally speaking, guidance information for depth enhancement task can
be derived from two sources. One is from the registered color image, and
the other is from the original depth map itself. Based on the confidence map

a computed in Eq. (4.10), the proposed method combines these two kinds
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of information systematically to generate a new guidance for computing the
anisotropy affinity A9.

2
*(|ng‘(1*“m)+|vzq‘am)

AP = ¢ (4.11)

S

where V27 and V5 represent color difference and depth difference between
the position p and its neighboring pixel ¢ in the guided color image and
the coarsely interpolated depth map respectively. ¢ controls bandwidth of
the exponential function. In addition, as mentioned above, only edge pixels
have available confidence values. To compute the robust confidence value
for each pixel pair p, ¢, max operation is adopted to select the more incon-
sistent one between the confidence values of p and ¢ (e (p), a(q)). It can
mitigate texture-copying artifacts and preserve depth edges better because
of the single pixel width edges detected by Canny operator. «,, is expressed
as ay, = max (a (p), a(q)). More specifically, when neighboring pixel pair
p, q are located across the edges in the color image as well as the depth map,
Qg 1s more close to 0 and V29 plays a more important role in computing the
anisotropy affinity A\29. In such situation, the guidance from the registered
color image helps recover sharp edges in the reconstructed depth map. By
contrast, when neighboring pixel pair p, ¢ only across the edge either on the
color image or on the depth map, but not both, «,, is more close to 1 and
Vh® provides main guidance. In these two situations, depth enhancement
is through the approach of single depth map enhancement method. Indeed,
some single depth enhancement method can be adopted to provide more ac-
curacy depth map instead of simple interpolated depth map. However, the
improvement is not significant when upsampling factor is small. On the other
hand, it is difficult to obtain accurate depth edges for large upsampling factor
by using single depth enhancement methods. Therefore, by considering the
complexity and equity, the proposed method uses coarse interpolated depth
map as the guidance source for all cases. The benefit of using V47 is twofold.
On the one hand, it mitigates texture-copying artifacts. On the other hand,

the guidance from the interpolated depth map is more reasonable than the
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incorrect guidance from the color image.

The scenario discussed above is on the regions around edge pixels. For
pixels located on smooth regions where there is no edge pixel on neither
the color image nor the coarsely interpolated depth map, Eq. (4.11) cannot
satisfy such case because it is impossible to calculate the edge inconsistency in
a local region where there is no edge pixel at all. In the proposed method, it
is updated as Eq. (4.12) for this special case, where the guidance information
for depth enhancement is from the coarsely interpolated depth map only to

better mitigate texture-copying artifacts.

NPT = ¢ 5 (4.12)

Based on the analysis above, the proposed method can preserve depth edges
and mitigate texture-copying artifacts efficiently by adaptively controlling
the efforts of the guidance from the color image.

In addition, in regions near depth edges, o should be small to preserve
depth edges. By contrast, § should be large to suppress noise in smooth
regions. The proposed method assigns different values to d for smooth regions
and non-smooth regions respectively which are determined by the depth edge
map. More specifically, on the depth edge map, if there is no edge pixel in the
local windows centered at p and its neighboring pixel ¢ respectively, the pixel
pair p, q is located at a smooth region. Otherwise, such pixel pair is located
at a non-smooth region. In this method, § is set to 2 and 4 for non-smooth

regions (Eq. (4.11)) and smooth regions (Eq. (4.12)) respectively.

4.4.4 Algorithm Complexity Discussion

In the edge inconsistency measurement stage, the multi-label Graph Cut
problem is solved by several binary-label Graph Cut sub-problems through
a — expansion method. The complexity of binary-label Graph Cut is up to
O (MN?|C|), where M and N are the number of graph edges and node (i.e.,

the number of edge pixels detected in the reference edge map) in the graph
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Table 4.4: AVERAGE RUNNING TIME OF THE PROPOSED METHOD (16x)

Running time | Bi-inconsistency | MRF Optimization | Total
on average measurement

Unit:Second 69.72 45.67 115.39

respectively. And |C| is the cost of the minimum cut which is the small-
est total weight of the edges which if removed would disconnect the source
from the sink (Boykov & Kolmogorov 2004). Therefore, the complexity of
multi-label Graph Cut is up to O (LM N?|C|), where L is the number of
labels (Boykov et al. 2001). In addition, the complexity of the Hungarian
algorithm (Kuhn 1955) for Minimum Weighted Bipartite Graph Matching is
O (V?E), where V and E represents the number of vertices (i.e., the number

of edge pixels in the two patches) and graph edges respectively.

4.4.5 Experimental Results

The platform to carry out the experiments is a PC with Intel i7 2.60 GHz,
12G RAM. The plain Matlab implementation of the proposed method (Graph
Cut is implemented in C code) takes 115.39s on average to upsample the low
quality depth map up to the resolution of 1376x 1088 in the case of 16x. The
running time of each step is listed in Tab. 4.4.

Experiments consist of three parts. The first part is to evaluate the pro-
posed methods performance on Middlebury datasets (Middlebury Datasets
[Online]/ n.d.) in which the synthetic depth maps are degraded manually in
various ways. The comparison performance between the proposed method
and several existing methods are shown. The second part is to apply our
method on real datasets (ToF-Mark datasets (Ferstl et al. 2013) and NYU
datasets (Silberman, Hoiem, Kohli & Fergus 2012)) to obtain high quality
depth maps in order to show the robustness of the proposed method in real
scenes. The third part is to demonstrate the performance of the proposed

method on depth map enhancement which is to tackle a difficult situation
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when the complex degradation occurs. It involves both lower resolution and
significant holes.

Regarding A in Eq. (4.3), it can be theoretically analysed through two
aspects which are based on the upsampling factor and the noise situation on
the LR depth map. On the one hand, A should decrease as the upsampling
factor increases. A larger upsampling factor will cause sparsity in the pixel
set which have observed depth values, so the contribution of the data term
in MRF is light. To balance the contributions of the data term and the
regularization term, it is necessary to reduce A thus the contribution of the
data term will be lift up relatively even the observed depth data is sparse. On
the other hand, increasing A for the case of stronger noise is able to provide
the MRF model more robustness to noise by enhancing the efforts of the
regularization term. In this work, it is also observed that when depth map
downsampled by nearest neighbor interpolation is noise-free, the upsampling
factor has less impact to A\. That is, for different upsampling factors, the
optimal A\ may have the close values as long as noise on the depth map is not
significant. Through cross-validation process, the proposed method fixes A
to 0.01 for all upsampling experiments in which the LR depth maps are from
Middlebury dataset without adding noise. For the case of adding noise, the
relation between A and the upsampling factor is defined as,

K

A= Tactor” if factor >1 (4.13)

where £ is a constant, it is set to 3.2 in all depth map SR experiments. factor
is the upsampling factor. In addition, A is fixed to 5 for all the depth map

completion experiments.

Experiments on Datasets with Synthetic Degradations

In this subsection, six datasets including “Art”, “Book”, “Moebius”, “Rein-
deer”, “Laundry”, and “Dolls” from the Middleburys benchmark (Middlebury
Datasets [Online] n.d.) are used for the evaluation. Three kinds of degra-

dations are considered in experiments which are 1) downsampling, 2) down-
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sampling with adding noise and 3) structural error and random missing.

1) Degradation by down-sampling

The proposed method (Pro-Soft) is compared with 12 benchmark and
the state-of-the-art methods: Bicubic interpolation (bicubic), Joint bilateral
upsampling (JBU) (Kopf et al. 2007), Improved JBU with A4 (IMJBU),
Original MRF-based method (OMRF) (Diebel & Thrun 2005), Spatial-depth
super-resolution for range images (JBUV) (Yang et al. 2007), Joint geodesic
filtering (JGF) (Liu et al. 2013), Guided image filtering (Guided) (He et al.
2010), Total generalized variation (TGV) (Ferstl et al. 2013), Edge-weighted
NLM-regularization (NLMR) (Park et al. 2014), Moving least squares filter
(MLS) (Bose & Ahuja 2006), Auto-regression model (AR) (Yang, Ye, Li,
Hou & Wang 2014) and the method proposed in the previous section (Pro-
Hard). Moreover, it is realized that the existing papers OMRF (Diebel &
Thrun 2005) and JBUV (Yang et al. 2007) did not report the experimental
results on the datasets of “Reindeer, “Laundry and “Dolls.

Tab. 4.5 and Tab. 4.6 show the upsampling results under four different
upsampling factors with optimal and suboptimal results marked in bold and
underlined respectively. It is noticed that the proposed method obtains the
lowest MAD for most cases. In the case of 16x SR, the coarsely upsampled
depth map introduces significant errors, which affects the quality of the depth
edge map. However, the performance of the proposed method in such case
achieves the best ones in 2 out of 6 cases, sub-optimal ones in 2 out of 6
cases. In the rest cases, the proposed method achieves the performance on
top rank 3. It is shown that the proposed method is robust to the quality of
the depth edge map. In addition, improved JBU (IMJBU) can improve the
performances of JBU a little. However, the overall performances are worse
than global optimization-based methods, such as AR (Yang, Ye, Li, Hou &
Wang 2014) and TGV (Ferstl et al. 2013).

Fig. 4.4 shows the experimental results of 8x upsampled depth maps
(where the specific details can be seen by zooming in the image) for “Dolls”
dataset compared with 5 state-of-the-art methods: NLMR (Park et al. 2014),
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Table 4.5: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
NOISE-FREE MIDDLEBURY DATASETS “ART”, “BOOK” AND “MOEBIUS”

Datasets Art Book Moebius
Methods 2x | 4x | 8x [16x | 2x | 4x | 8x |16x | 2x | 4x | 8x | 16X
Bicubic 0.480.97|1.85(3.59(0.13|0.290.59 | 1.15{0.13{0.30 | 0.59 | 1.13
OMRF 0.59]0.96 | 1.89 [3.78 [0.21 | 0.33 | 0.61 | 1.20 | 0.24 | 0.36 | 0.65 | 1.25
JBUV 0.55]0.68 | 1.44 (3.52(0.29 | 0.44 | 0.62 | 1.45{0.38 {0.46 | 0.67 | 1.10
JBU 0.45]0.85(1.68 [3.35[0.17|0.36 | 0.74 | 1.56 | 0.18 | 0.37 | 0.76 | 1.46
IMJBU 0.43]0.83]1.62(3.26 (0.16 |0.34|0.72|1.47{0.17{0.36 | 0.74 | 1.39
Guided 0.63]1.01]1.703.46 [0.22|0.35|0.58 | 1.14{0.23{0.37 | 0.59 | 1.16
NLMR, 0.41]0.65|1.03(2.11(0.17|0.30|0.56 | 1.03|0.18{0.29 | 0.51 | 1.10
JGF 0.29]0.4710.78 [ 1.54(0.15|0.24 | 0.43 | 0.81 | 0.15 | 0.25 | 0.46 | 0.80
TGV 0.45]0.65|1.17(2.300.18 | 0.27 | 0.42 | 0.82{0.18 { 0.29 | 0.49 | 0.90
MLS 0.2710.68 |1.04|2.20|0.16 | 0.26 | 0.48 | 1.16 | 0.15 [ 0.25 | 0.49 | 0.93
AR 0.18|0.490.64|2.01 | 0.12|0.22 {0.37|0.77 |0.10|0.20| 0.40 |0.79
Pro-Hard 0.40{0.56 | 1.03 [ 2.38 [ 0.14 | 0.27 | 0.48 | 0.92 | 0.15 | 0.30 | 0.62 | 1.20
Pro-Soft 0.18/0.45|0.71|{1.97{0.10|0.20|0.37|0.74|0.10|0.20|0.39| 0.80

MLS (Bose & Ahuja 2006), JGF (Liu et al. 2013), AR (Yang, Ye, Li, Hou
& Wang 2014) and TGV (Ferstl et al. 2013). From the highlighted regions,
it is shown that NLMR, MLS, JGF and TGV severely suffer from blurring
depth edges and texture-copying artifacts. AR provides comparable results
to that of the proposed method, but it does not well deal with texture-copying
artifacts and blurring depth edges either. Compared with the methods above,
the proposed method generates the best depth map SR results.

2) Degradation by down-sampling with adding noise

In real situation, depth maps captured by sensors are accompanied by
unavoidable noise. To simulate such cases, tests are run on the datasets pro-
vided by AR (Yang, Ye, Li, Hou & Wang 2014) which introduces Gaussian
noise with zero mean, variance of 25 to the downsampled datasets at four
upsampling factors. Tab. 4.7 and Tab. 4.8 give the depth enhancement re-
sults of the proposed method as well as 7 benchmark and the state-of-the-art

methods with optimal and suboptimal results marked in bold and underlined
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Table 4.6: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
NOISE-FREE MIDDLEBURY DATASETS “REINDEER”, “LAUNDRY” AND

“DoLLs”

Datasets Reindeer Laundry Dolls
Methods 2x | 4x | 8x |16x | 2x | 4x | 8x [16x | 2x | 4x | 8x [16x
Bicubic 0.30{0.55[0.99 [ 1.880.28 | 0.54|1.04|1.95{0.20 | 0.36 | 0.66 | 1.18
JBU 0.27]0.50 [ 1.00 [ 1.89 [ 0.26 | 0.49 |1 0.94 | 1.95{ 0.20 | 0.38 | 0.74 | 1.46
IMJBU 0.27]0.49]0.98 [ 1.87(0.25|0.48|0.92|1.94{0.20{0.37]0.73 | 1.44
Guided 0.42]0.530.88(1.80(0.38|0.52|0.95|1.90{0.28{0.35]0.56 | 1.13
NLMR 0.2010.3710.63|1.28|0.17]0.32|0.54 | 1.14 | 0.16 [ 0.31 | 0.56 | 1.05
JGF 0.23]0.3810.64 [1.09 (0.21|0.36 | 0.64 |1.20{0.19{0.33 | 0.59 | 1.06
TGV 0.32]0.49]1.03 [3.05[0.31|0.55|1.22|3.37{0.21{0.33 ] 0.70 | 2.20
MLS 0.3210.64]0.74|1.43|0.23|0.39]0.81|1.53|0.24 | 0.36 | 0.61 | 0.98
AR 0.22]0.40 | 0.58 {1.00| 0.20 | 0.34 |0.53 | 1.12| 0.21 | 0.34 | 0.50 |0.82
Pro-Hard 0.21]0.40|0.74 {1.50 [ 0.21 | 0.47 |1 0.90 | 2.02 | 0.18 | 0.37 | 0.72 | 1.44
Pro-Soft 0.14/0.31/0.56|1.10{0.14|0.30|0.53|1.10|0.12|0.26|0.49| 0.83

respectively. From such two tables, it is shown that the proposed method
obtains the lowest or the second lowest MAD for all cases. The denoising abil-
ity of JGF (Liu et al. 2013) is very poor. The performances of NLMR (Park
et al. 2014), MLS (Bose & Ahuja 2006) and Guided (He et al. 2010) are sim-
ilar. And they are inferior to the proposed method. TGV (Ferstl et al. 2013)
provides comparable results to the proposed method in 2x and 4Xx cases,
but it is lack of robustness in 16x case. Overall, AR (Yang, Ye, Li, Hou &
Wang 2014) provides comparable results to the proposed method and obtains
better performances on “Reindeer” and “Laundry” datasets. To compare re-
sults visually, Fig. 4.5 illustrates the results of depth map SR with noise
upsampled by the state-of-the-art methods: NLMR, Guided, MLS, TGV
and the proposed method. It is shown that there is strong noise left in the
results of Guided and MLS. The TGV provides cleaner depth maps, but fails
to preserve tiny structures such as sticks in the cup. Overall, the proposed
method can suppress noise and protect most details. However, there are some

blurry artifacts near a small part of edge in the result of the proposed method
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(e) () (2) (h)

Figure 4.4: The visual quality comparison for depth map SR on “Dolls” dataset:
(a) color image, (b) depth ground truth, depth maps are upsampled (8x) by (c)
NLMR, (d) MLS, (e) JGF, (f) AR, (g) TGV, (h) the proposed method.

on “Moebius” dataset. The main reason is that this weak edge in the color
image cannot be detected by Canny detector with the predefined thresholds.
On the contrary, the corresponding region on Ground truth depth map has
strong depth discontinuity. According to the proposed method, it is a case
of definite inconsistency that color image is not adopted as the guidance for
upsampling. Therefore, it may lead to blurry artifacts in the case of higher
upsampling factors, e.g. 8x, 16x. However, NLMR may performs better
in such region due to the higher level cues, e.g. segmentation and/or edge
saliency map. But these high level cues are not stable. Actually, it is shown
that its results have clear noise left and are also seriously polluted by blurring
depth edges and texture-copying artifacts.

3) Degradation by structural errors and random missing
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Table 4.7: QUANTITATIVE UPSAMPLING RESuULTS (IN MAD) oN Noisy
MIDDLEBURY DATASETS “ART”, “BOOK” AND “MOEBIUS”

Datasets Art Book Moebius
Methods 2x | 4x | 8x |16x | 2x | 4x | 8 |16x | 2x | 4x | 8x | 16X
Bicubic 3.52|3.8414.47|5.72]3.30 |3.37|3.51 |3.82|3.28 | 3.36 | 3.50 | 3.80
MLS 1.4311.95|3.374.67|0.81|1.39|2.68|3.21 |0.87|1.40|2.65|3.16
Guided 1.49]1.97|3.00 (4.91]0.80|1.22|1.95|3.04 |1.18|1.90 | 2.77 | 3.55
NLMR 1.69 [ 2.40|3.60 | 5.75 | 1.12 | 1.44 | 1.81 | 2.59 | 1.13 | 1.45| 1.95 | 2.91
JGF 2.36 | 2.74 | 3.64 | 5.46 | 2.12 | 2.25 | 2.49 | 3.25 | 2.09 | 2.24 | 2.56 | 3.28
TGV 0.82]1.26 | 2.76 | 6.87 | 0.50 | 0.74 | 1.49 | 2.74 | 0.56 | 0.89 | 1.72 | 3.99
AR 0.76 {1.01|1.70| 3.05 | 0.47 | 0.70 | 1.15 | 1.81 | 0.46 | 0.72 |1.15| 1.92
Pro-Soft 0.74(1.02|1.72 {3.01|0.45|0.66|1.07|1.80/0.45|0.68| 1.18 | 1.85

Figure 4.5: The visual quality comparison for depth map SR with noise on “Art”
and “Moebius” datasets. (a) ground truth, depth maps are upsampled (8x) by
(b) NLMR, (c) Guided, (d) MLS, (e) TGV, (f) the proposed method.

To quantitatively test the effectiveness of depth map completion, the
proposed method uses the datasets created by AR (Yang, Ye, Li, Hou & Wang
2014) which manually adds some holes in the ground truth of Middlebury
datasets. The holes consist of structural errors and random missing which
are generated near depth edges and in smooth regions respectively. The

experimental results are listed in Tab. 4.9 compared with 5 benchmark and
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Table 4.8: QUANTITATIVE UPSAMPLING RESuULTS (IN MAD) oN Noisy

MIDDLEBURY DATASETS “REINDEER”, “LAUNDRY” AND “DOLLS”

Datasets Reindeer Laundry Dolls
Methods 2x | 4x | 8x |16x | 2x | 4x | 8 |16x | 2x | 4x | 8x | 16X
Bicubic 3.39|3.52(3.82|4.45|3.35|3.49 | 3.77 | 4.35 | 3.28 | 3.34 | 3.47 | 3.72
MLS 0.92]1.49 |2.86|3.53]0.94 | 1.53|2.83|3.58|0.81|1.34|2.57 | 3.09
Guided 1.2911.99|2.99 | 4.14|1.28 | 2.05 | 3.04 | 4.10 | 1.19 | 1.94 | 2.80 | 3.50
NLMR 1.20 [ 1.60 | 2.40 | 3.97 | 1.28 | 1.63 | 2.20 | 3.34 | 1.14 | 1.54 | 2.07 | 3.02
JGF 2.1812.4012.89|3.94]2.16 | 2.37|2.85|3.90 | 2.09 | 2.22 | 2.49 | 3.25
TGV 0.59]0.84|1.75|4.40]0.61 |1.59 | 1.89 | 4.16 | 0.66 | 1.63 | 1.75 | 3.71
AR 0.48(0.80(1.29(2.02|0.51(0.85| 1.30 {2.24|0.59 | 0.91 | 1.32 | 2.08
Pro-Soft 0.53|0.82|1.31(2.14]0.54{0.89 |1.24|2.33 |0.52|0.84|1.25|1.92

Table 4.9: QUANTITATIVE COMPLETION RESULTS (IN MAD) ON

SYNTHETIC DATASETS

Datasets . .

Art | Book | Moebius | Reindeer | Laundry | Dolls
Methods
Bicubic 0.90 | 0.61 0.66 0.95 0.91 0.76
MLS 0.91 | 0.58 0.72 0.68 0.72 0.82
JBF 0.84 | 0.63 0.69 0.92 0.88 0.76
Guided 1.20 | 0.63 0.67 0.96 0.94 0.76
AR 0.58 | 0.53 0.60 0.68 0.75 0.69
Pro-Soft 0.60 | 0.52 0.56 0.70 0.71 0.68

the state-of-the-art methods. As shown in the Tab. 4.9, the proposed method

obtains the lowest MAD in four datasets and the sub-optimal results in the

rest two datasets, which proves the effectiveness. The visual results of the
proposed method, Guided (He et al. 2010), JBF (Kopf et al. 2007) and
AR (Yang, Ye, Li, Hou & Wang 2014) are shown in Fig. 4.6. Although

all the methods obtain good results in depth map completion, the results of

the proposed method can provide more accurate depth edges which is shown

in the highlighted regions.
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(a) (b) (c) (d) (e) (f) (2)

Figure 4.6: The visual quality comparison for depth map completion on “Moe-
bius” and “Laundry” datasets with structural errors and random missing: (a)
color images, (b) degraded depth maps, (¢) ground truth, depth completed by (d)
Guided, (e) JBF, (f) AR and (g) the proposed method.

Depth Enhancement Experiments Using Real Datasets

The proposed method is also tested on ToF-Mark datasets (Ferstl et al.
2013) and NYU datasets (Silberman et al. 2012) corresponding to two types
of depth sensors respectively (i.e., ToF depth sensor and Structured-light
depth sensor). The experiments are to prove that the proposed method can
reconstructed high quality depth maps from low quality depth maps captured
by different type of sensors.

1) Experiments on ToF-Mark datasets

The proposed method is assessed on ToF-Mark datasets consisting of
three RGB-D datasets, “Books, “Shark and “Devil, with ground-truth depth
maps. The resolution of the original depth maps is 120x160, and the corre-
sponding intensity images are the size of 610x810. The suggested upsampling
factor is approximately 6.25x (Ferstl et al. 2013). Tab. 4.10 illustrates quan-
titative comparison results with optimal and suboptimal results marked in
bold and underlined respectively. The upsampling errors are computed by

MAD in mm unit. The proposed method obtains the lowest or second low-
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Table 4.10: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
ToF-MARK DATASETS

Datasets | Bicubic | OMRF | Guided | MLS | JBU | JGF [NLMR | TGV | AR |Pro-Soft
Books 16.23 | 13.87 | 14.51 [14.50|14.78|17.39| 14.31 |11.90|12.45| 12.23
Shark 17.78 | 16.07 | 16.62 [16.26(17.15|18.17| 15.88 | 14.47 |14.71| 14.14
Devil 16.66 | 15.36 | 24.97 [14.97(25.46/19.02| 15.36 | 13.90 [13.83| 13.71

est MAD error for all the three datasets compared with other 9 benchmark
and the state-of-the-art methods. Fig. 4.7 shows the visual depth enhance-
ment results of the proposed method against the 4 state-of-the-art methods
(MLS (Bose & Ahuja 2006), JGF (Liu et al. 2013), TGV (Ferstl et al. 2013)
and AR (Yang, Ye, Li, Hou & Wang 2014)). It is observed that the results of
MLS and JGF still contain considerable amount of noise due to the limited
denoising ability, while the depth enhanced by TGV, AR and the proposed
method are much better. However, the results of TGV and AR introduce
texture-copying artifacts in some smooth regions, e.g., the eye of the fish in
“Shark” dataset highlighted by red square. Results of the proposed method
do not have such texture-copying artifacts. In addition, the edge of the rect-
angular box in “Shark” dataset highlighted by red square is more accurate
in the result of the proposed method than that of others, which proves that
the proposed method can efficiently preserve depth edges.

2) Experiments on NYU datasets

By using NYU datasets (Silberman et al. 2012) in which the depth maps
are captured by structured-light depth sensors, the proposed method is eval-
uated for depth map completion, compared with 4 state-of-the-art methods:
AR (Yang, Ye, Li, Hou & Wang 2014), MLS (Bose & Ahuja 2006), JBU (Kopf
et al. 2007) and Colorization (Levin, Lischinski & Weiss 2004). Fig. 4.8 shows
the comparison of depth map completion results. From these highlighted re-
gions, it is shown that the existing methods (e.g., AR and MLS) suffer from
texture-copying artifacts (e.g. highlighted in the second row). By contrast,

there are no such artifacts in results of the propose method. In term of pre-
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() (b) (c) (d) (e) )

Figure 4.7: The visual quality comparison for depth map SR on “Devil” and
“Shark” datasets: (a) color images, depth maps are upsampled by (b) MLS, (C)
JGF, (d) TGV, (e) AR and (f) the proposed method.

serving depth edges, AR performs best in these existing methods, but it is
inferior to the proposed method (e.g. highlighted in the fourth row). There-
fore, the proposed method can provide more robust results of depth map

completion than the state-of-the-art methods in real scenes.

Experiments on Tackling both Depth Map SR and Depth Map

Completion

In the previous experiments, the performances of the proposed method on
depth map SR and depth map completion are shown independently. In order
to further verify the robustness of the proposed method, the experiments in
this part are to tackle an extremely difficult case in which the proposed
method is going to upsample the LR depth map (i.e., 4x upsampling factor)
and complete holes simultaneously. NYU datasets (Silberman et al. 2012)
are adopted in the experiments. Fig. 4.9 shows the results of the proposed
method, compared with Colorization (Levin et al. 2004), JBU (Kopf et al.
2007) and TGV (Ferstl et al. 2013). From the highlighted regions, it is

shown that the proposed method provides the best performances in holes
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(a) (b) (c) (d) (e) (f) (2)

Figure 4.8: The visual quality comparison for depth map completion on NYU
datasets: (a) color images, (b) Registered raw depth maps from Kinect v1, com-
pleted by (c¢) AR, (d) MLS, (e) JBU, (f) Colorization and (g) the proposed method.

filling, mitigating texture-copying artifacts and preserving depth edges. By
contrast, Colorization shows texture-copying artifacts (e.g. highlighted in the
second row) and blurring depth edges (e.g. highlighted in the fourth row)
in such results. JBU and TGV cannot give satisfying results with holes left

uncompleted.

4.4.6 Conclusion

This section proposes a novel color-guided depth map enhancement method
via MRF optimization. The key contribution is to explicitly measure the
inconsistency between the color edge map and the corresponding depth edge
map in numeral way. In the following step, such quantitative measurement
is embedded into MRF-based model. It adaptively controls the efforts of
the guidance from the color image. The proposed fine-grained method can
better mitigate texture-copying artifacts and preserve depth edges than the
counterpart based on hard-decision edge inconsistency measurement. To
verify the proposed method, enough experiments on Middlebury datasets,
ToF-Mark datasets and NYU datasets for depth map SR and depth map

completion tasks are conducted. Furthermore, the proposed method is able
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(a) (b) (c) (d) (e)

Figure 4.9: The visual quality comparison for depth map enhancement with the
complex degradation (downsampling and depth values missing) on NYU datasets:
(a) color images with the corresponding LR depth maps shown on the upper left
corner, depth maps are enhanced by (b) Colorization, (¢) JBU, (d) TGV and (e)
the proposed method.

to handle both depth map SR and depth map completion simultaneously. All
the experimental results prove the improved performances of the proposed
method when compared with the state-of-the-art methods.

Although the promising depth enhancement results can be obtained by
using the proposed method, there are some failure cases when the quality of
original depth map is too low (e.g., 8x, 16x upsampling factor). A corre-
sponding failure case is shown in the result on “Moebius” dataset in Fig. 4.5.
Next section will propose a new method to improve robustness when the

quality of input depth map is very low.
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4.5 Minimum Spanning Forest Embedded with
Soft Edge Inconsistency Measurement for

Guided Depth Map Enhancement

To better preserve the structure on depth map, a structural scheme for affin-
ity computing in the regularization term is proposed in this section. Affinities
are computed more precisely in a space which consists of multiple Minimum
Spanning Trees (Forest) than the existing methods. It is calculated based on
paths which travel inside a Minimum Spanning Tree (MST) or across adja-
cent MSTs. The local depth structure can be represented by such paths. In
addition, soft edge inconsistency measurement which is proposed in previous
section is embedded into the edge weights inside each MST to significantly
mitigate texture-copying artifacts. For brief, soft edge inconsistency mea-

surement is the same as inconsistency model in this section.

4.5.1 Modification on MRF Energy Function

The data term is defined based on M-estimator Huber (Huber 1973) which

is a trade-off between L1-norm and L2-norm:

FEiata (D> - HDsub - OHHuber (4-14)
’2% x| <e

||XHHuber - ' (415)
Se(lxl—35) xil>e

where O is a set of observed depth values which are captured by sensors
directly. Dgyp is the subset of D. It consists of depth of pixels which have
observe values.

Furthermore, compared with Eq. (4.3) that the affinity A\?? is computed by

the differences of depth and color directly, this section redefines A% based on
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the distance in minimum spanning forest (MSF) which is shown as Eq. (4.16).

—dist(p,q)
)\gq B e

(4.16)

where 0 controls bandwidth of the exponential function, dist (p,q) stands
for the distance between pixels p, ¢ in the MSF. In the following parts, the
details of the proposed method will be explained.

4.5.2 The Proposed Method

The existing methods (Diebel & Thrun 2005, Lu et al. 2011, Park et al.
2014, Yang, Ye, Li, Hou & Wang 2014, Liu et al. 2017) including the pro-
posed methods in the previous subsections calculate guidance affinities of
regularization term via non-structural scheme which is only based on color
and depth differences between the pixel and its neighbor pixels. Such scheme
ignores the local structure on the depth map. Therefore, it may over-smooth
depth edges on the enhanced depth map (e.g., 16x for depth SR). By con-
trast, it is observed that tree filter (Zhang, Dai, Xiang & Zhang 2015, Bao
et al. 2014) can provide more robust performance in preserving edges. It has
been used in many computer vision tasks, e.g., structure-preserving smooth-
ing (Zhang et al. 2015, Bao et al. 2014), stereo matching (Yang 2015). In
these methods, MST is used to automatically drag away two dissimilar pix-
els that are close to each other in the spatial domain, which makes the tree
distance be an edge-aware metric. However, global MST faces the problem
of leaking edges (Zhang et al. 2015, Bao et al. 2014). That is, one MST
connects all pixels in an image together and aggregates the smoothing effects
globally along the MST. In such construction, connections will inevitably go
cross some strong edges, and these edges will be corrupted. The proposed
method computes the anisotropic guidance affinity A2? in the regularization
term based on tree distance between p and ¢. And in order to avoid con-
structing a MST across depth edges, which leads to leaking-edge artifacts,
motivated by (Zhang et al. 2015), the proposed method constructs a MST

for each super-pixel on the color image generated by over-segmentation. Be-

95



CHAPTER 4. COLOR-GUIDED DEPTH MAP ENHANCEMENT FOR
RGB-D DATA VIA MARKOV RANDOM FIELD

cause the color image in our case is high-quality and the pixels inside the same
super-pixel have similar characteristics, the tree distance calculation is more
reliable in the region of super-pixel. Furthermore, due to over-segmentation,
the pixel and its neighboring pixels which locate on the adjacent MSTs may
have similar depth values. So the edge links between adjacent MSTs should
also be calculated in order to consider these situations. The adjacent MSTs
join together and become so called Minimum Spanning Forest (MSF).

If guidance affinities are merely computed based on registered color image,
it leads to texture-copying artifacts and blurring depth edges due to the edge
inconsistency between depth map and the registered color image. Motivated
by the proposed inconsistency model (Zuo, Wu, Zhang & An 2018) which
shows strong ability in mitigating texture-copying artifacts, edge weights
inside each MST in the proposed MSF are computed based on such model.
These two parts of contribution complement each other to obtain robust

depth enhancement performance.

The Construction of MSF

SLIC super-pixel segmentation algorithm (Achanta, Shaji, Smith, Lucchi,
Fua & Siisstrunk 2012) is adopted to over-segment the color image which
avoids constructing a minimum spanning tree across depth edges to mitigate
leaking-edge artifacts (Zhang et al. 2015, Bao et al. 2014). This state-of-the-
art segmentation method yields adherence to the major image edges and the
complexity is linear. In each segment, an 8-connected weighted subgraph
Gsub (V,E, W) is generated. All the pixels in this segment are nodes V. E
consists of all the edges between nodes. W is the weight set of edges which
is defined as Eq. (4.17) in (Zhang et al. 2015).

W (p.q) = Vgl (4.17)

color

where V¢

oo 1s the color difference between p, ¢. Since the color image and

the depth map have different texture patterns, such configuration leads to

texture-copying artifacts and blurring depth edges. The proposed method
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explicitly embeds edge inconsistency measurement into MST construction to
address these problems which will be explained in the next subsection.

So inside each MST, currently, each edge weight between two adjacent
nodes is the color similarity of them as Eq. (4.17). Based on such subgraphs,
a MST can be computed on each super-pixel by removing redundant edges.
Due to over-segmentation, the pixel and its neighboring pixels which locate
on the adjacent MSTs may still have similar depth values. So the edges
linking adjacent MST's should also be calculated in order to consider these
situations. To be consistent with the weight of the edges inside each MST,
the weight of the edge linking adjacent MSTs is computed by the color and
the depth differences to mitigate texture-copying artifacts. Specially, such
edge defined by the pixels with similar color and depth which locate on the
adjacent MST can extend MST on super-pixel to MSF on the whole image
without across edges. It can be considered as the supervision to overcome
leaking-edge problem. The similar setting is also used in (Zhang et al. 2015)
which only considers the color similarity to perform edge-aware smoothing.
In fact, the proposed MSF can be treated as a distance space based on the
image content. The spatial factor is included in the path between pixels in
the MSF. Compared with non-structural Euclidean distance space which is
used in two separate kernels of bilateral filter (Tomasi & Manduchi 1998),
the distance computed in the proposed MSF presents the structure of the
image. The proposed method models each pixel s as a two-dimension point
Pt (cs, ds) which includes its color value ¢g and the depth value d;. And the
distance metric between two pixels is defined as L1-norm. The optimal node
pair (p*, ¢*) between the adjacent super-pixels Supg and Sup, is defined as
Eq. (4.18).

¥ q) = min [Pty — Ptg, (4.18)
q € Sup,

If exhaustive search is applied, the complexity is O (m;msg) where my, ms

are the numbers of nodes in their MSTs respectively. It is time-consuming

when the size of super-pixel is large. The proposed method adopts the more
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efficient divide-and-conquer algorithm (Cormen, Leiserson, Rivest & Stein
2001) to address this problem which reduces the computation complexity to
O ((m1 + m2) log (my + ma)).

Consequently, the distance between two neighboring nodes in the reg-
ularization term is computed as follows; 1) if p,q are located in the same
super-pixel, the distance between them can be computed through standard

tree distance along the path on the MST.

dist (p,q) = >_ W (pi, pis1) (4.19)
=0
where (p;, pir1) are adjacent nodes along the path. Such tree distance is effi-
ciently computed based on Lowest Common Ancestor method (LCA) (Bender
& Farach-Colton 2000). 2) Otherwise, the distance is computed in three
parts;

dist (p,q) =dist (p,p*) + dist (¢, q")
+0.5 x <’Vp*q*

color

(4.20)

p*q*
+ ‘ vdepth

)

where p*, ¢* are two closest node pair inside adjacent MSTs respectively.
They are closest considering both color similarity and depth similarity as the
last term on the right side of Eq. (4.20). V2 and VZ;Z;L represent color
and depth differences between the pixels p* and ¢* on the guided color image
and the coarsely interpolated depth map respectively. (p,p*) and (g, ¢*) are

pairs of pixels located in the same MST.

Embedding Edge Inconsistency Measurement into MSF

The edge inconsistency measurement model has strong ability in mitigating
texture-copying artifacts. For content integrity, this part summaries it as
follows; it is a bi-direction evaluation by swapping the roles of color edge
map and depth edge map. In each direction, the best matching pairs of edge
pixels are determined through a MRF optimization. The data term implies
local structure information which is based on Minimum Weighted Bipar-

tite Matching (Kuhn 1955) and regularization term implies global structure
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information. The cost of the optimal matching edge pixels is the edge in-
consistency measurement which is in the range of [0, 1]. For more detail,
please refer to Section 4.4.2. Motivated by this model, the proposed method
embeds it into the MST construction to mitigate texture-copying artifacts.
In the proposed method, a is defined as the set of confidence values for
pixels which is computed according to Eq. (4.10) in Section 4.4.2. The smaller
value a is, the more edge consistency is represented. More specifically, the
proposed method modifies the definition of W in Eq. (4.17) for the edge

(p,q) as;

W (p,q) = Ve x (1 — ) (4.21)

+ \Vﬁipm\ X Qipgq

where oy, is the confidence value for pixel pair p, ¢ which is defined as o,y =
max (a (p),a(q)) for better preserving depth edges. a(p),a(q) are the
confidence values for p and g respectively. When the color edge map is more
consistent with the depth edge map (v, is more close to zero), V¥4 ' is able
to play a more important role in computing edge weights inside the MST,
and vice versa.

In this section, the newly proposed MST edge weights W' defined in
Eq. (4.21) will replace the original W in Eq. (4.17), Eq. (4.19) and Eq. (4.20).
Compared with the previous MRF-based depth enhancement methods which
do not use structure information in regularization term calculation, the pro-
posed method in this section can better preserve depth edges by using the
distance on MSF defined in Eq. (4.19) and Eq. (4.20). In addition, texture-
copying artifacts are significantly mitigated through proposed improved MST

construction with explicitly embedding the edge inconsistency measurement

model.

Bandwidth Adaptation for Affinities Computing in MRF

In the work, it is observed that bandwidth ¢ in Eq. (4.16) can affect the
performance of model. For instance, when the two pixels applied into regu-

larization term of MRF have clearly different depth values, small bandwidth
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0 can provide better performance. Therefore, if the depth difference between
each neighbor pixel pair in the regularization term is known, bandwidth ¢ can
be adaptively chosen as a prior when reconstructing the high-quality depth
map. This prior can preserve depth edges and mitigate the artifacts caused
by noise and texture copying. In this section, the coarsely interpolated depth
map D is used to estimate such prior which adaptively controls §.

Because of the low quality of f), the edge locations shift from the real
ones. Therefore, it is inaccurate to estimate the depth difference between the
pixel pair p, ¢ by directly computing on themselves. The proposed method
defines two sub-regions (11 x 11 in this section) which are centered by p,q
respectively to form pixel sets Sp,Sq. The maximum absolute difference
between these sets AD,,,., can be used to analyse the potential prior for p, g.
If AD,,q. is large, it indicates that pixel pair p,q is close to depth edges
nearby and the corresponding § should be assigned a small value to better
preserve depth edges. By contrast, if AD,,,. is small, it means this pixel
pair p, ¢ is located at a smooth region. In this case, a large value should be
chosen for § to smooth noise and further mitigate texture-copying artifacts.

The simple implementation of computing AD,,,, is to compute the dif-
ferences for all the elements in two sets Sy, Sq with the complexity of O (¢?)
where t is the cardinal number for each set. Such implementation is time-
consuming. A more efficient method is proposed, which has the complex-
ity of O(t). Firstly, the minimum and the maximum depth values (i.e.,
max,, min,,maz,, min,) are computed for sets S, Sy respectively. Then

AD,,.. can be calculated as below.

AD, o, = max (Jmazx, — ming| , |max, — min,|) (4.22)

Proof 4.1 0 < min, < e, < maxy,, 0 < min, < e, < max,, where ey, e, are
arbitrary element in sets Sy, Sq respectively. Then, min, —max, < e, —e, <

max, —min,. Therefore, |e, — e,| < max (|max, — min,|,|mazx, — min,|)
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() (b) (c) (d) (e) ()

Figure 4.10: Visual comparison of upsampled (8x) depth maps, (a) color patches,
(b) ground truth depth patches, LR depth maps are upsampled by: (¢) bicubic, (d)
inconsistency model only, (¢) MSF+inconsistency model, (f) MSF+inconsistency

model+parameter adaption.

Since the situations of noise are diverse, it is difficult to model the mapping
function between § and AD,,,, as a fixed model (e.g., linear model). In the
proposed method, AD,,.. is computed for each pixel pair in the regulariza-
tion term and classify all the pixel pairs into three categories using double
thresholds 0o, Ohign. Such categories represent near strong edge regions, near
weak edge regions and smooth regions. For each type of regions, different ¢§
values are chosen which is defined as Eq. (4.23). The optimal values of ¢ is

determined on “Laundry” dataset and applied to the rest experiments.

2, ADap > Onign (strong edge)
0 =1910, AD,4p < 10w (smooth region) (4.23)

4, Others (weak edge)

Fig. 4.10 and Fig. 4.11 show subjective and objective comparison of the
enhanced depth maps between non-structural scheme embedded with incon-
sistency model (Zuo et al. 2018), MSF-based scheme embedded with inconsis-
tency model and the proposed method on the noise-free Middlebury datasets.
Progressive improvement can be observed when the proposed MSF and pa-
rameter adaption are used respectively. More improved results are shown in

the experimental subsection.
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Figure 4.11: Quantitative comparison between the results enhanced by Inconsis-
tency model only, Inconsistency model+MSF and The proposed method in terms

of average MAD on Middleburry datasets.

4.5.3 Experimental Results

The performance of the proposed method is evaluated for depth map SR
and depth map completion on various datasets. After the investigation of
influence of the parameters, the proposed model is firstly tested for depth
map SR on the synthetic datasets (Middlebury Datasets [Online/ n.d., Yang,
Ye, Li, Hou & Wang 2014) and the real ToF-Mark datasets (Ferstl et al. 2013)
which captured by the ToF sensor. Then depth map completion experiments
are conducted on the synthetic datasets (Yang, Ye, Li, Hou & Wang 2014)
and the real datasets (Silberman et al. 2012) obtained by the Kinect sensor.

Finally, the average running time comparison is shown.

Influence of Parameters

Firstly, the influence of some key parameters, including the amount of super-
pixel and the balance Factor A in Eq. (4.3) are investigated.

1) The amount of super-pixels

The amount of super-pixels is modified and remain other parameters un-
changed (¢ = 10 in Eq. (4.15), 6ip = 5,0hign = 30 and 6 = [2,10,4] for
corresponding cases in Eq. (4.23)). And we adopt LBFGS to remember 10

of the previous optimization steps in order to construct an approximate Hes-
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Figure 4.12: The influence of the amount of the super-pixels

sian matrix. Fig. 4.12 provides an illustration of the depth map SR result
of “Laundry” dataset in the case of 2x, 4x, 8x and 16x. It can be noticed
that the effects caused by different amount of super-pixels are not significant,
especially for small upsampling factors (i.e., 2x, 4x). The optimized value
is about 700 which provides robust results for all cases in this experiment.
It is fixed to 700 in the following experiments.

2) The Balance Factor A in Eq. (4.3)

The similar analysis as that in Section 4.4.5 can be shown. In this work,
it is fixed to 0.01 for all upsampling factors when upsampling depth maps
without adding noise. For depth map SR with adding noise, A is set to
5, 3.3, 2.5 and 1.43 for 2x, 4x, 8x and 16x respectively. For depth map
completion, it is set A to 0.1 and 10 for all the depth map completion ex-
periments on synthetic datasets (Yang, Ye, Li, Hou & Wang 2014) and real
datasets (Silberman et al. 2012) respectively. It should be noted that the
proposed method applies the value of A adjusted based on the “Laundry”
dataset for depth map SR and noise-free completion. For noisy depth map
completion on the NYU datasets (Silberman et al. 2012), only one image pair

is used to tune \.
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Experiments on Depth SR

In this part, the experiments for depth map SR are evaluated on synthetic
datasets (Middlebury Datasets [Online/ n.d., Yang, Ye, Li, Hou & Wang 2014)
and real datasets (Ferstl et al. 2013) as well.

Depth SR for synthetic datasets The experiments on synthetic datasets
which includes two kinds of degradation: downsampling and downsampling
with adding noise are shown in this part.

1) Degradation by downsampling

Firstly, the experiments are run on noise-free datasets which are filled
ground truth data (Middlebury Datasets [Online] n.d.) downscaled by near-
est neighbor interpolation. The proposed method (Pro-MSF) is tested for
multiple upsampling factors (i.e., 2x, 4x, 8, 16x) and compared with 12
benchmark and the state-of-the-art methods: Bicubic interpolation (bicubic),
Original MRF-based method (OMRF) (Diebel & Thrun 2005), Joint bilat-
eral upsampling (JBU) (Kopf et al. 2007), Improved JBU embedded edge in-
consistency measurement model (IMJBU), Spatial-depth super resolution for
range images (JBUV) (Yang et al. 2007), Guided image filtering (Guided) (He
et al. 2010), Edge-weighted NLM-regularization (NLMR) (Park et al. 2014),
Joint geodesic filtering (JGF) (Liu et al. 2013), Moving least squares fil-
ter (MLS) (Bose & Ahuja 2006), Total generalized variation (TGV) (Ferstl
et al. 2013), Auto-regression model (AR) (Yang, Ye, Li, Hou & Wang 2014)
and Pro-Soft proposed in Section 4.4. Moreover, it is realized that OMRF
and JBUV did not report the experimental results on the datasets of “Rein-
deer”, “Laundry” and “Dolls”.

Tab. 4.11 and Tab. 4.12 show the upsampling results under four different
upsampling factors with optimal and suboptimal results marked in bold and
underlined respectively. Overall, the proposed method obtains the lowest
MAD for most cases. Thanks to the MSF-based guidance affinities computing
scheme, the proposed method reaches the lowest MAD on all datasets for
16x, 5 datasets for 8x, 5 datasets for 4x and 4 datasets for 2x. For the
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Table 4.11: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
NOISE-FREE MIDDLEBURY DATASETS “ART”, “BOOK” AND “MOEBIUS”

Datasets Art Book Moebius
Methods 2x | 4x | 8x [16x | 2x | 4x | 8x |16x | 2x | 4x | 8x | 16X
Bicubic 0.480.97|1.85(3.59(0.13|0.290.59 | 1.15{0.13{0.30 | 0.59 | 1.13
OMRF 0.59]0.96 | 1.89 [3.78 [0.21 | 0.33 | 0.61 | 1.20 | 0.24 | 0.36 | 0.65 | 1.25
JBUV 0.55]0.68 | 1.44 (3.52(0.29 | 0.44 | 0.62 | 1.45{0.38 {0.46 | 0.67 | 1.10
JBU 0.45]0.85(1.68 [3.35[0.17|0.36 | 0.74 | 1.56 | 0.18 | 0.37 | 0.76 | 1.46
IMJBU 0.43]0.83]1.62(3.26 (0.16 |0.34|0.72|1.47{0.17{0.36 | 0.74 | 1.39
Guided 0.63]1.01]1.703.46 [0.22|0.35|0.58 | 1.14{0.23{0.37 | 0.59 | 1.16
NLMR, 0.41]0.65|1.03(2.11(0.17|0.30|0.56 | 1.03|0.18{0.29 | 0.51 | 1.10
JGF 0.29]0.47]0.78 [ 1.540.15|0.24 |1 0.43 | 0.81 | 0.15{0.25 | 0.46 | 0.80
TGV 0.45]0.65|1.17(2.300.18 | 0.27 | 0.42|0.82{0.18{ 0.29 | 0.49 | 0.90
MLS 0.27]0.68 | 1.04 {2.20 (0.16 | 0.26 | 0.48 | 1.16 | 0.15 | 0.25 | 0.49 | 0.93
AR 0.18|0.49|0.64|2.01{0.12]0.22]0.370.77 |0.10|0.20| 0.40 | 0.79
Pro-Hard 0.40{0.56 | 1.03 [ 2.38 [ 0.14 | 0.27 | 0.48 | 0.92 | 0.15 | 0.30 | 0.62 | 1.20
Pro-Soft 0.18/0.45|0.71|1.97|0.10 | 0.20 | 0.37 | 0.74 |0.10|0.20|0.39| 0.80
Pro-MSF 0.1910.46 | 0.69|1.43|0.09|/0.19|0.36|0.69| 0.11 | 0.21 |0.39|0.78

rest cases, the proposed method achieves the performance on top rank 3.
Fig. 4.13 shows the experimental results of 8 x upsampled depth maps for
“Laundry” and “Dolls” datasets compared with 4 state-of-the-art methods:
JGF (Liu et al. 2013), TGV (Ferstl et al. 2013), NLMR (Park et al. 2014) and
AR (Yang, Ye, Li, Hou & Wang 2014). It can be observed that TGV (Ferstl
et al. 2013) severely suffered from texture-copying artifacts. In addition,
from the highlighted regions, some artifacts near depth edges appear on the
results of JGF, NLMR, TGV and AR. The results of the proposed method
are closest to the ground truth depth maps without texture-copying artifacts
or blurring depth edges.

2) Degradation by downsampling with adding noise

In real situation, depth maps captured by sensors are accompanied by
unavoidable noise. To simulate such cases, more experiments are run on the
noisy datasets provided by AR (Yang, Ye, Li, Hou & Wang 2014). Tab. 4.13
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Table 4.12: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
NOISE-FREE MIDDLEBURY DATASETS “REINDEER”, “LAUNDRY” AND

“DoLLs”

Datasets Reindeer Laundry Dolls
Methods 2x | 4x | 8x |16x | 2x | 4x | 8x [16x | 2x | 4x | 8x [16x
Bicubic 0.30{0.55[0.99 [ 1.880.28 | 0.54|1.04|1.95{0.20 | 0.36 | 0.66 | 1.18
JBU 0.27]0.50 [ 1.00 [ 1.89 [ 0.26 | 0.49 |1 0.94 | 1.95{ 0.20 | 0.38 | 0.74 | 1.46
IMJBU 0.27]0.49]0.98 [ 1.87(0.25|0.48|0.92|1.94{0.20{0.37]0.73 | 1.44
Guided 0.42]0.530.88(1.80(0.38|0.52|0.95|1.90{0.28{0.35]0.56 | 1.13
NLMR 0.2010.3710.63|1.280.17]0.32]0.54 | 1.14 | 0.16 [ 0.31 | 0.56 | 1.05
JGF 0.23]0.3810.64 (1.09(0.210.36|0.64|1.20{0.19{0.33 | 0.59 | 1.06
TGV 0.32]0.49]1.03 [3.05[0.31|0.55|1.22|3.37{0.21{0.33 ] 0.70 | 2.20
MLS 0.3210.64]0.74|1.43|0.23|0.39]0.81|1.53|0.24 | 0.36 | 0.61 | 0.98
AR 0.22]0.40 | 0.58 [ 1.00 [ 0.20 | 0.34 | 0.53 | 1.12] 0.21 | 0.34 | 0.50 | 0.82
Pro-Hard 0.21]0.40|0.74 {1.50 [ 0.21 | 0.47 |1 0.90 | 2.02 | 0.18 | 0.37 | 0.72 | 1.44
Pro-Soft 0.14|0.31|0.56 | 1.10 | 0.14 | 0.30 | 0.53 | 1.10 |0.12| 0.26 | 0.49 | 0.83
Pro-MSF 0.14/0.30|0.52{0.98|0.13/0.26(0.44(0.97|0.12|0.25|0.45|0.79

and Tab. 4.14 show the depth enhancement results of the proposed method
(Pro-MSF) as well as 7 benchmark and the state-of-the-art methods with
optimal and suboptimal results marked in bold and underlined respectively.
From such two tables, it is shown that the proposed method obtains the
lowest or the second lowest MAD for all cases. The denoising ability of
JGF (Liu et al. 2013) is very poor. The performances of NLMR (Park et al.
2014), MLS (Bose & Ahuja 2006) and Guided (He et al. 2010) are similar.
TGV (Ferstl et al. 2013) can obtain better results than methods above when
upsampling factor is low (i.e., 2x, 4x), but it lacks robustness in the cases
of large upsampling factors (i.e., 8x, 16x). Overall, AR (Yang, Ye, Li, Hou
& Wang 2014) provides a little worse results compared with the proposed
method. However, it obtains better performances on “Reindeer” dataset
than ours. Fig. 4.14 illustrates the results of depth map SR on noisy datasets
“Book” and “Moebius”, the LR depth maps are upsampled by the state-of-
the-art methods: Guided, JGF, TGV, NLMR and the proposed method. It
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Figure 4.13: Visual comparison of upsampled (8x) depth maps on noise-free
Middlebury datasets “Laundry” and “Dolls”, (a) HR color images, (b) ground
truth depth maps, LR depth maps upsampled by: (¢) JGF, (d) TGV, (e¢) NLMR,
(f) AR and (g) ours.

is shown that there is strong noise left on the results of Guided and JGF.
Although TGV and NLMR can provide cleaner results, they severely suffer
from texture-copying artifacts. Compared with these methods, the noise is
significantly suppressed in the results of the proposed method which have

more accurate edges without texture-copying artifacts as well.

Depth Map SR on Real Datasets The proposed method is tested on
ToF-Mark datasets (Ferstl et al. 2013) for depth map SR to prove the ro-
bustness on real datasets captured by ToF sensors. The resolution of the LR
depth maps is 120x 160, and the registered intensity images are the size of
610x810. The suggested upsampling factor is approximately 6.25x (Ferstl
et al. 2013).

Tab. 4.15 illustrates quantitative comparison results with optimal and
suboptimal results marked in bold and underlined respectively. The upsam-
pling errors are computed by MAD in mm unit. The results of the proposed
method show the lowest MAD error for all the three datasets compared with
other 11 benchmark and the state-of-the-art methods. Fig. 4.15 shows the
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Table 4.13: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) oN Noisy
MIDDLEBURY DATASETS “ART”, “BOOK” AND “MOEBIUS”

Datasets Art Book Moebius
Methods 2x | 4x | 8x |16x | 2x | 4x | 8 |16x | 2x | 4x | 8x | 16X
Bicubic 3.52|3.844.47|5.7213.30 | 3.37 | 3.51 | 3.82 | 3.28 | 3.36 | 3.50 | 3.80
MLS 1.431.95|3.374.67|0.81|1.39 |2.68 |3.21 | 0.87 | 1.40|2.65 | 3.16
Guided 1.49 [ 1.97|3.00 | 4.91|0.80 | 1.22 |1.95|3.04 | 1.18 | 1.90 | 2.77 | 3.55
NLMR. 1.69 [ 2.40|3.60 | 5.75 | 1.12 | 1.44 | 1.81 | 2.59 | 1.13 | 1.45| 1.95 | 2.91
JGF 2.36 | 2.74 | 3.64 | 5.46 | 2.12 | 2.25 | 2.49 | 3.25 | 2.09 | 2.24 | 2.56 | 3.28
TGV 0.82]1.26 | 2.76 | 6.87 | 0.50 | 0.74 | 1.49 | 2.74 | 0.56 | 0.89 | 1.72 | 3.99
AR 0.76 | 1.01 | 1.70 | 3.05 | 0.47 | 0.70 | 1.15 | 1.81 | 0.46 | 0.72 | 1.15 | 1.92
Pro-MSF 0.70(0.94|1.65(2.89|0.42|0.62|1.02|1.72/0.40(0.62|1.10|1.76

visual results of the proposed method against 4 state-of-the-art methods:
MLS (Bose & Ahuja 2006), JGF (Liu et al. 2013), TGV (Ferstl et al. 2013)
and AR (Yang, Ye, Li, Hou & Wang 2014). Overall, the results of MLS and
JGF still contain considerable amount of noise, which indicates the limited
denoising ability of them. The depth maps upsampled by TGV, AR and
the proposed method are cleaner. However, from the highlighted regions,
texture-copying artifacts (e.g. the second row in Fig. 4.15) and blurring
depth edges (e.g. the fifth row in Fig. 4.15) can be observed in the results
of TGV and AR. Results of the proposed method do not have such texture-
copying artifacts. In addition, the edge of the rectangular box in “Shark”
dataset highlighted by red square (the fourth row in Fig. 4.15) is more sharp
in the result of Pro-MSF, which shows that depth edges can be efficiently
preserved by using the proposed method.

Experiments for Depth Completion

The experiments for depth map completion are performed on the synthetic
dataset (Yang, Ye, Li, Hou & Wang 2014) and the real dataset (Silberman

et al. 2012) which are shown in two parts respectively.
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Table 4.14: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) oN Noisy
MIDDLEBURY DATASETS “REINDEER”, “LAUNDRY” AND “DOLLS”

Datasets Reindeer Laundry Dolls
Methods 2x | 4x | 8x |16x | 2x | 4x | 8 |16x | 2x | 4x | 8x | 16X
Bicubic 3.39|3.52(3.82|4.45|3.35|3.49 | 3.77 | 4.35 | 3.28 | 3.34 | 3.47 | 3.72
MLS 0.92]1.49 |2.86|3.53]0.94 | 1.53|2.83|3.58|0.81|1.34|2.57 | 3.09
Guided 1.2911.99|2.99 | 4.14|1.28 | 2.05 | 3.04 | 4.10 | 1.19 | 1.94 | 2.80 | 3.50
NLMR 1.20 [ 1.60 | 2.40 | 3.97 | 1.28 | 1.63 | 2.20 | 3.34 | 1.14 | 1.54 | 2.07 | 3.02
JGF 2.1812.4012.89|3.94]2.16 | 2.37|2.85|3.90 | 2.09 | 2.22 | 2.49 | 3.25
TGV 0.59]0.84|1.75|4.40]0.61 | 1.59 | 1.89 | 4.16 | 0.66 | 1.63 | 1.75 | 3.71
AR 0.48|0.80(1.29(2.02|0.51|0.85|1.30 | 2.24 | 0.59 | 0.91 | 1.32 | 2.08
Pro-MSF 0.510.78|1.32 | 2.20 |0.51{0.80|1.17|2.15|0.50|0.86|1.26 | 2.00

Table 4.15: QUANTITATIVE UPSAMPLING RESULTS (IN MAD) ON
ToF-MARK DATASETS

Datasets|Bicubic| OMRF|Guided | MLS | JBU | JGF INLMR|TGV| AR |Pro-Soft|Pro-MSF

Books 16.23 | 13.87 | 14.51 |14.50(14.78|17.39| 14.31 |11.90|12.45| 12.23 11.80
Shark 17.78 | 16.07 | 16.62 |16.26(17.15|18.17| 15.88 |14.47|14.71| 14.14 13.90
Devil 16.66 | 15.36 | 24.97 |14.97|25.46|19.02] 15.36 |13.90|{13.83| 13.71 13.51

Depth completion on synthetic datasets The proposed method is eval-
uated for depth map completion on the datasets provided by (Yang, Ye, Li,
Hou & Wang 2014) which manually adds some holes in the ground truth of
Middlebury datasets (Middlebury Datasets [Online/ n.d.). The holes consist
of structural errors and random missing which are generated near depth edges
and on smooth regions respectively. Tab. 4.16 shows results of the proposed
method (Pro-MSF) compared with 6 benchmark and state-of-the-art meth-
ods: Bicubic, MLS (Bose & Ahuja 2006), JBF (Kopf et al. 2007), Guided (He
et al. 2010), AR (Yang, Ye, Li, Hou & Wang 2014) and Pro-Soft. Results of
the proposed method obtain the lowest MAD for all datasets, which proves
its effectiveness. Fig. 4.16 shows results of the proposed method compared
with that of MLS, Guided, JBF and Pro-Soft. From highlighted regions,

some texture-copying artifacts are observed in the results of JBF. Guided
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Figure 4.14: Visual comparison of upsampled (8x) depth maps on noisy Mid-
dlebury datasets “Book” and “Moebius”, (a) HR color images, (b) ground truth
depth maps, LR depth maps upsampled by: (c) Guided, (d) JGF, (e) TGV, (f)
NLMR and (g) the proposed method.

suffers from blurring depth edges. On the contrary, the proposed method
not only maintains more details (e.g. the region highlighted by red square in
the fourth row) but also better preserves depth edges compared with MLS
and Pro-Soft.

Depth completion on real datasets The proposed method is also eval-
uated for depth map completion on NYU datasets (Silberman et al. 2012)
in which the depth maps are captured by Kinect. Fig. 4.17 shows results of
the proposed method compared with 4 state-of-the-art methods: Coloriza-
tion (Levin et al. 2004), JBF (Kopf et al. 2007), AR (Yang, Ye, Li, Hou &
Wang 2014) and Pro-Soft.

It is shown that AR suffers from texture-copying artifacts. Colorition and
JBF cannot maintain sharp straight depth edge (e.g. the region highlighted
by blue square in the second row). Some blurring depth edges are shown in
the results of AR and Pro-Soft (e.g. the region highlighted by red square in
the second row). Compared with such methods, the proposed method can

best preserve depth edges and significantly mitigate texture-copying artifacts.
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Figure 4.15: Visual comparison of upsampled depth maps on ToF-Mark datasets
“Devil” and “Shark”, (a) HR intensity images and ground truth depth maps, LR
depth maps upsampled by: (b) MLS, (c¢) JGF, (d) TGV, (e) AR and (f) the
proposed method.

Running Time Comparison

The platform to carry out the experiments is a desktop with 3.33 GHz CPU
and 12G RAM. The proposed method is implemented based on unoptimized
Matlab and C++ code. This part compares the average running time of the
proposed method with 3 optimization-based approaches (NLMR (Park et al.
2014), TGV (Ferstl et al. 2013) and AR (Yang, Ye, Li, Hou & Wang 2014))
which belong to the same category of approach as the proposed method. In
the proposed method, the overall computation time mainly depends on the

upsampling factor. Larger the upsampling factor is, more computation time
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Table 4.16: QUANTITATIVE COMPLETION RESULTS (IN MAD) oN
SYNTHETIC DATASETS

Datascts Art | Book | Moebius | Reindeer | Laundry | Dolls
Methods
Bicubic 0.90 | 0.61 0.66 0.95 0.91 0.76
MLS 0.91 | 0.58 0.72 0.68 0.72 0.82
JBF 0.84 | 0.63 0.69 0.92 0.88 0.76
Guided 1.20 | 0.63 0.67 0.96 0.94 0.76
AR 0.58 | 0.53 0.60 0.68 0.75 0.69
Pro-Soft 0.60 | 0.52 0.56 0.70 0.71 0.68
Pro-MSF 0.54 | 0.50 0.53 0.64 0.67 0.66

Table 4.17: AVERAGE RUNNING TIME COMPARISON (IN SECONDS)
AMONG OPTIMIZATION-BASED APPROACHES

Meth
ethods) o vir| Tav | AR Pro-MSF
Datasets
Middlebury 167.45|4073.63|280.51(2x: 173.114x: 197.30 8x: 228.86 16x: 264.08
ToF-Mark 55.79 |1357.68|132.98 62.68

is consumed.

Tab. 4.17 lists the average running time in seconds of different approaches
on Middlebury datasets and ToF-Mark datasets. TGV requires thousands
of iterations to converge and takes 4000 seconds which is not suitable to
a large-scale optimization problem. Overall, the proposed method provides
improved performance at the cost of extra running time than NLMR. In
addition, it is faster than AR and TGV.

4.5.4 Conclusion

This section proposes a novel guided depth map enhancement method via
MRF optimization. The key contributions are two-folds: the first one is to
compute the regularization affinities based on the proposed tree distance in

the domain of Minimum Spanning Forest. Such structural scheme can better

112



CHAPTER 4. COLOR-GUIDED DEPTH MAP ENHANCEMENT FOR
RGB-D DATA VIA MARKOV RANDOM FIELD

@ @ ®  ® ®

Figure 4.16: Visual comparison of enhanced depth maps on synthetic datasets,

() (b) (c)

(a) color images, (b) ground truth depth maps, (c) low-quality depth maps with
holes, depth maps enhanced by: (d) MLS, (e) JBF, (f) Guided, (g) Pro-Soft and
(h) the proposed method.

preserve depth edges. The second one is to explicitly embed the edge in-
consistency measurement model into the edge weights inside each Minimum
Spanning Tree which is constructed within a super-pixel. It significantly mit-
igates texture-copying artifacts. In addition, the proposed method is further
improved by double-threshold bandwidth adaption scheme which provides a
prior whether the depth of pixel pairs in regularization term should be close.

The proposed method is evaluated on Middlebury, ToF-Mark and NYU
datasets for depth map SR and depth map completion tasks. Compared with
the state-of-the-art methods, all the experimental results demonstrate that
the proposed method can significantly mitigate texture-copying artifacts and
better preserve depth edges even when the quality of depth map is very low
(e.g. the upsampling factor is large).

4.6 Summary

This chapter presents two measurement model for edge inconsistency be-
tween depth edge map and corresponding color edge map via hard-decision

and soft-decision manners. Such models can adaptively control the guid-
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Figure 4.17: Visual comparison of enhanced depth maps on NYU datasets, (a)

(g)

color images, (b) low-quality depth maps with holes; depth maps enhanced by: (c)
Colorition, (d) JBF, (e) AR, (f) Pro-Soft and (g) the proposed method.

ance from HR color image when embedding into MRF energy function. The
soft-decision one can provide more robust performance than hard-decision
counterpart due to fine-grained evaluation in a numerical way. In addition,
minimum spanning forest (MSF') is proposed to extract depth structure. The
best performance is provided by combining MSF and soft-decision edge in-
consistency measurement model together which is validated by sufficient ex-

perimental results in Section 4.5.
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Chapter 5

Guided Depth Map
Super-resolution via Deep

Learning

5.1 Introduction and Motivation

The depth information of a scene is essential in many applications such as
autonomous navigation, 3D reconstruction, human-computer interaction and
virtual reality. Consumer-level sensors provide a convenient way to obtaining
depth of real scenes. However, by considering the cost of sensors, the reso-
lution of sensed depth map are low which introduces the problem of depth
map super-resolution (SR). Following machine learning widely used in color
image SR, such tools (e.g., sparse coding and deep learning) are applied to
single depth map SR (Ferstl et al. 2015, Xie, Chou, Feris & Sun 2014). Due
to highly illness, single depth SR only works well when upsampling scale is
small (2x, 4x). But depth maps sensed by Time-of-Flight (ToF) sensor are
typically about 200x200. A larger upsampling scale (e.g. 8x) is needed to
obtain high-resolution (HR) depth map.

As chapter 4 shown, guided depth map SR can get more satisfied results

for 8x even 16x using the edge guidance from HR color image. Nevertheless
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such model-based methods may not optimal in the specific RGB-D data and
are prone to introduce artifacts caused by edge misalignment between depth
map and guided color image. Therefore, a straight way is to learn the guid-
ance from HR color image based on external datasets. Such learning-based
methods do not explicitly formulate an optimization problem as the global
optimization-based methods (Diebel & Thrun 2005, Lu et al. 2011, Park
et al. 2014, Ferstl et al. 2013, Yang, Ye, Li, Hou & Wang 2014) or design a
fixed filter as the filter-based methods (Kopf et al. 2007, Liu et al. 2013, He
et al. 2010, Min et al. 2012, Hua et al. 2016). Some representative methods
are proposed. As a pioneer work, Li et al. (Li et al. 2012) propose a guided
depth SR method based on sparse coding. It jointly trains three dictio-
naries for registered patches of low-resolution (LR) depth maps, HR depth
maps and HR color images. In the reconstruction phase, the depth maps
are enhanced through sparse representation of learned dictionaries. Kwon et
al. (Kwon et al. 2015) train three dictionaries of HR depth patches, LR depth
patches and HR RGB patches via multi-scale learning scheme. In addition,
this method optimizes an objective function which explicitly constrains con-
sistent reconstruction between overlapping patches. Kiechle et al. (Kiechle
et al. 2013) exploit the co-sparsity of analysis operators applied on RGB-D
image pair, and reconstructed the HR depth map through data fidelity and
color-guided sparsity constraint. In addition to sparse coding, recently, con-
volutional neural network (CNN) shows stronger representative ability than
traditional methods (SVM, sparse coding). Dong et al. (Dong et al. 2016)
firstly introduce CNN into color image SR via Fully Convolutional Network.
Unlike Dong et al. (Dong et al. 2016), the proposed method learns the upsam-
pling kernels instead of fixed ones (e.g., Bicubic upsampling kernel). Then
Hui et al. (Hui et al. 2016) firstly propose a Multi-Scale Guided convolu-
tional network for depth map SR. It complements LR depth features with
HR intensity features through a multi-scale fusion strategy which progres-
sively resolves ambiguity in depth map SR using the HR intensity features at
different levels. Although Hui et al. (Hui et al. 2016) can provide good depth
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Depth Feature Extraction Upsampling

Figure 5.1: The architecture of MFR-SR for the case 4x. The networks for other

upsampling scale are in the same manner as 4x

SR results, it is not an end-to-end model which has a preprocessing to extract
low frequency component by fixed low-pass filter. The input of the network
is the high frequency component of input RGB-D images by subtracting the
low frequency counterpart above. Such low frequency component is added
to the output of the network to reconstruct HR depth map. However, such
hand-craft preprocessing is not robust for noisy depth SR since noise is high
frequency as well and is not relevant to the guided image. Experimental
section shows its poor performance on noisy depth SR. To overcome the
drawback above, this chapter adopts residual learning to replace such hand-
craft preprocessing and proposes an end-to-end residual network. Generally,
it upsamples LR depth map via multi-scale reconstruction. Furthermore, the
residual learning is introduced in each scale-dependent reconstruction sub-
network. This coarse-to-fine scheme can reconstruct high-resolution depth
via multi-frequency synthesis which in turn makes the network to better re-
store structure in the certain scale. In addition, to improve the robustness
of training, batch normalization is applied in the proposed network. More
details will be addressed in the next section. In the rest of this chapter, the
proposed Multi-scale Fusion Residual network for depth map SR is called as
MFR-SR.
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5.2 MFR-SR Construction

Following the concept of guided depth SR, MFR-SR is to train a generating
function G (DR, I"R @) instead of hand-craft model that restores HR depth
DHR for LR depth input D™® under certain guidance from a corresponding
HR color image ITH®. And ¢ is the trainable parameters.

Fig. 5.1 is the architecture of MFR-SR for the case of 4x, where k, s and
¢ stand for kernel size of filter, stride and output channel amount respec-
tively. Overall, MFR-SR consists of depth/intensity feature extraction units,
depth upsampling/intensity downsampling unit, fusion unit and reconstruc-
tion unit. The roles of main units in the network are briefly explained as
below;

FEATURE EXTRACTION: It is observed that Bicubic interpolation can
provide satisfied SR results for smooth regions, but it fails to recover sharp
edges. According to this observation, each spectral components of an image
need a special upsampling strategy. Therefore, in MSR-SR, the LR depth
map and HR intensity image are firstly decomposed into multiple spectral
components using different trainable convolutional kernels which leads to
spectral-dependent mapping function learning. To better extract features of
depth/intensity, MFR-SR uses more blocks in feature extraction unit than
Hui et al. (Hui et al. 2016).

Fusion: This type of unit generates high quality depth spectral compo-
nents for multiple scales. The corresponding intensity spectral components
are used as guidance to focus on high frequency detail restoration for the low
quality depth spectral components which is upsampled by itself. Therefore,
such unit is the core of network which performs intensity guidance learning
for depth SR.

In MSR-SR, DR is progressively upsampled (2x) in depth upsampling
units to obtain DHR. Meanwhile, I™R is progressively downsampled to pro-
vide multiple-level guidance for fusion units. The input of each fusion unit
are upsampled depth feature maps and corresponding guided intensity fea-

ture maps which are concatenated with each other. Such feature maps can be
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explained as spectral components of images. MFR-SR borrows the concept of
residual learning (He, Zhang, Ren & Sun 2015), which uses the bicubic inter-
polated depth map as base layer and train the residual between the base layer
and the ground truth depth map. In addition, based on the stronger relation
between high frequency of depth spectral components and corresponding in-
tensity parts, during each fusion stage, a skip connection is designed to pass
the sub-base layer generated by single depth spectral components upsampling
to the end of this fusion unit. Such sub-base layer is the low frequency part
of depth spectral components in current scale (resolution) which is similar
to the meaning of base-layer. Therefore, the guidance from intensity spec-
tral components in the corresponding scale focus on restoring relative high
frequency detail to complement the sub-base layer. Such multi-scale resid-
ual learning leads to the coarse-to-fine depth reconstruction which is more
efficient. Compared with the propose method, the high-frequency domain
training used in Hui et al. (Hui et al. 2016) is less efficient for noisy depth SR
since noise is high frequency as well and is not relevant to the guided image.
This view is supported in the experimental results.

In addition, compared with Hui et al. (Hui et al. 2016) which does not
use batch-normalization layer, the core block in MFR-SR consists of a convo-
lutional layer or transposed convolutional followed by a batch-normalization
layer (Bn) (Ioffe & Szegedy 2015) and a ParametricReLU layer (Prelu) (He
et al. 2015) as the activation function which improves the robustness of train-
ing. Batch-normalization layers are skipped in the first and the last blocks.
ParametricReLLU is skipped in the last block. The blocks of the specific

setting can be expressed as below;

FO =6 (W «F'+b) (5.1)
F® =4 (Bn (W «F")) (5.2)
FO =6 (Bn (W *F")) (5.3)
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d () = max (0, z) + amin (0, z) (5.4)

where F! and F© are input and output of the block. * and * are stands
for convolution and transposed convolution respectively. § and Bn are Prelu
with a learning parameter a and batch-normalization function. W and b
represent kernel of filter and bias in convolutional layer respectively. Since
bias parameter are introduced in batch-normalization, there is no bias b in
Eq. (5.2) and Eq. (5.3).

By defining ¢ as the learning parameter set controlling the forward pro-
cess, the loss function L of MFR-SR is the mean squared error (MSE) on all

the M training images which is expressed as below:
1 LR 7HR HR||?
L(¢):MHG(D IR ¢) — DUR| (5.5)

The loss is minimized by Adam optimizer (Kingma & Ba 2014) with 5; = 0.9.

5.3 Experiments

Firstly, this section introduces the detail of training data generation and
model training. Then experimental results are shown which validates the

effectiveness of the propose method.

5.3.1 Training Data

The original training dataset consisting of 5000 RGB-D image pairs with res-
olution 512x512 is provided by (Riegler et al. 2016) which is generated using
the open source Mitsuba Render Software (Mitsuba Renderer [Online] n.d.).
This automatic dataset generation is scripted by randomly placing different
objects (cubes, spheres and planes) in varying dimensions in the scene. In
addition, the objects are randomly textured using samples from the publicly
available Describable Textures Dataset (Cimpoi, Maji, Kokkinos, Mohamed
& Vedaldi 2014). The light intensity and position is also slightly varied dur-

ing the data generation. In this experiment, the intensity is used for guided
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image, therefore, the RGB color images are transferred to intensity image be-
forehand. The amount of RGB-D pairs used for training and validation are
4300 and 700 respectively. Furthermore, due to limitation of resource and
rate of convergence, the images cannot be trained in full-size. The image
pairs should be firstly cut into sub-images. Such sub-image pairs (i.e., HR
intensity image and HR depth map) are 128 x 128 with 64 pixels overlap. The
corresponding LR depth map is downsampled via bicubic which are 64x64,
32x32, 16x16 and 8x8 for 2x, 4x, 8x and 16x respectively. To simulate
depth maps obtained in real situation, a Gaussian noise with variance 25 and
mean 0 is added to LR depth maps. Lastly, triple training pairs (DHR THR

and DR ) are scaled into [0, 1].

5.3.2 Training Detail

The network is built on the TensorFlow platform (tensorflow [Online] n.d.)
and trained on NVIDIA Titan 1080Ti GPU. Note that the size of input
images can be arbitrary size as it is fully convolutional. The batch size is 32
and the network is trained at learning rate le-4 for 10 epochs followed by
another 10 epochs at learning rate le-5. During test phase, MFR-SR turns
batch-normalization update off to obtain an output that deterministically
depends only on the input. The proposed method trains a specific network

for each upscaling factor (e.g., 2x, 4x, 8x, 16X respectively.

5.3.3 Experimental Results

The network is tested on 10 hole-filled Middlebury RGB-D datasets (“Art”,
“Books”, “Moebius”, “Laundry”, “Dolls”, “Reindeer”, “Cones”, “Teddy”,
“Tsukuba” and “Venus”) which are used in many literatures. Such testing
image pairs are classified into A (including the first 6 ones) and B (includ-
ing the last 4 ones) sets based on the original HR resolution. The ground
truth depth maps are firstly downsampled by bicubic interpolation at multi-
ple scales (e.g., 2x, 4x, 8x and 16x for A, 2x, 4x and 8x for B). Then, a
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Table 5.1: QUANTITATIVE SR RESULTS (IN RMSE) oN Noisy
MIDDLEBURY DATASETS “ART”, “BOOK” AND “MOEBIUS”

Datasets Art Book Moebius
Methods 2% | 4x | 8x | 16x | 2x | 4x | 8x [16x | 2x | 4x | 8x |16x
Bicubic 4.78 | 5.54 1 6.74 | 9.04 | 4.20 | 4.39 | 4.68 | 5.30 | 4.16 | 4.31 | 4.54 | 5.02
MLS 4.124.45|6.25 | 8.54 | 1.90 | 2.47 | 4.05 | 4.85 | 1.82 | 2.27 | 3.76 | 4.52
Guided 3.8514.2415.35| 8.08 | 1.84 | 2.21 | 3.00 | 4.41 | 1.81 | 2.63 | 3.68 | 4.71
NLMR 4.6515.99|8.01 |11.01]2.16 | 2.72 | 3.29 | 4.91 | 2.06 | 2.50 | 3.27 | 4.61
JGF 4.17(5.26 | 7.12 |110.27]2.95 | 3.41 | 4.10 | 5.48 | 2.84 | 3.20 | 3.92 | 5.24
TGV 3.083.94|7.26(12.05|1.50 | 2.14 | 2.88 | 4.73 | 1.46 | 1.98 | 3.01 | 6.11
AR 3.1913.46 491 | 7.46 | 1.32|1.99|2.77|3.59|1.31 [1.66| 2.52 | 3.51
Pro-MSF 3.3313.55[5.02|7.14|1.46|1.88|2.58|3.66 | 1.57 | 1.75 [2.34|3.48
ECCV-CNN 2.06|3.38 14.86 | 8.12 | 1.2711.99 [ 2.96 | 4.39 | 1.29 | 1.84 | 2.66 | 4.46
MFR-SR 2.03[3.28(4.75|7.14{1.11|1.84|2.60 |3.51|1.18|1.95|2.79 | 3.73

Gaussian noise is added to the downsampled depth maps to generate LR
depth maps. This subsection provides both quantitative and qualitative
evaluations on guided depth SR. The proposed MFR-SR is compared with
10 benchmark and state-of-the-art methods which are Bicubic interpolation
(bicubic), Spatial-depth super resolution for range images (JBUV) (Yang
et al. 2007), Guided image filtering (Guided) (He et al. 2010), Weighted
mode filter (WMF) (Min et al. 2012), Edge-weighted NLM-regularization
(NLMR) (Park et al. 2014), Joint geodesic filtering (JGF) (Liu et al. 2013),
Total generalized variation (TGV) (Ferstl et al. 2013), Moving least squares
filter (MLS) (Bose & Ahuja 2006), CNN-based guided depth SR (ECCV-
CNN) (Hui et al. 2016), Auto-regression model (AR) (Yang, Ye, Li, Hou &
Wang 2014) and Pro-MSF proposed in Section 4.5. ECCV-CNN is retrained
using the same training data as MFR-SR. Quantitative measure metric is
root mean squared error (RMSE). The best RMSE for each evaluation is in

bold, whereas the second best one is underlined.
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Table 5.2: QUANTITATIVE SR RESULTS (IN RMSE) oN Noisy
MIDDLEBURY DATASETS “REINDEER”, “LAUNDRY” AND “DOLLS”

Datasets Reindeer Laundry Dolls
Methods 2x | 4x | 8% |[16x | 2x | 4x | 8 [16x | 2x | 4x | 8% |16x
Bicubic 4.514.95|5.71 | 7.12|4.37 | 4.74 | 5.35 | 6.53 | 4.17 | 4.30 | 4.51 | 4.90
MLS 2.8213.4115.22|6.29 | 2.71 | 3.21 | 4.75 | 6.19 | 1.63 | 2.14 | 3.55 | 4.29
Guided 2.63|3.4414.80|6.73|2.33|3.23|4.52|6.22|1.80 | 2.65 | 3.71 | 4.62
NLMR 3.11]3.86 5.33|7.56|2.99|3.63|4.51|6.35|2.07|2.61]|3.33|4.45
JGF 3.4714.2715.61 | 7.52]3.23|3.95|5.12|7.20|2.81|3.11 | 3.61 | 4.80
TGV 3.0814.20 | 4.65|9.03 | 2.62 | 5.05 | 4.45 | 8.06 | 1.49 | 2.86 | 2.82 | 5.41
AR 2.032.7213.81|4.93|1.74 279 |3.24|5.22 | 1.42|1.70| 2.44 |3.21
Pro-MSF 2.5313.003.94|5.26|1.94|2.59|3.51|5.01|1.40|1.84 |2.20| 3.42
ECCV-CNN 1.58 12.53|3.93]6.15|1.52]2.49 | 3.65 | 6.83 | 1.38 | 1.95 | 2.73 | 4.26
MFR-SR 1.53|2.45|3.78 | 5.46 | 1.66 |2.46| 3.40 | 5.22 |1.30| 1.92 | 2.65 | 3.56

Quantitative Evaluation

The HR resolution of datasets A is 1376x1088. Tab. 5.1 and Tab. 5.2 show
the RMSE results of dataset A under four upsampling scales (i.e., 2x, 4x, 8%
and 16x). From such tables, it is shown that the proposed method obtains
the lowest or the second lowest RMSE for most cases. The denoising ability
of JGF (Liu et al. 2013) is very poor. The performances of NLMR (Park
et al. 2014), MLS (Bose & Ahuja 2006) and Guided (He et al. 2010) are similar
which are worse than the propose method. TGV (Ferstl et al. 2013) can
obtain good results when upsampling factor is low (i.e., 2x, 4x), but it lacks
robustness in the cases of large upsampling factors (i.e., 8x, 16x). AR (Yang,
Ye, Li, Hou & Wang 2014) and Pro-MSF proposed in Section 4.5 are more
robust than the method above. However, they show inferior performance
than the proposed network. ECCV-CNN is not robust for large upsampling
scale (e.g., 16x), since training in high-frequency domain is less efficient when
the LR depth is noisy. Such training strategy leads to worse performance for
denoising under large upsampling scale.

The resolution of HR depth map in dataset B is about 475x350. There-
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Table 5.3: QUANTITATIVE SR RESULTS (IN RMSE) oN Noisy
MIDDLEBURY DATASETS “CONES”, “TEDDY”, “TSUKUBA” AND

“VENUS”

Datasets Cones Teddy Tsukuba Venus
Methods 2x | 4x | 8% | 2x | 4x | 8x | 2x | 4x | 8x | 2x | 4x | 8x
Bicubic 4.8115.60|6.88|4.51(5.02|5.70 | 7.07 | 9.53 | 13.06 | 4.25 | 4.52 | 4.91
JBUV 3.2014.316.21 [2.523.48 |4.88 |6.78 | 8.22 | 12.14 | 1.83 | 2.77 | 4.03
NLMR 3.69|5.06|7.42|3.14|3.98 [ 5.93 | 7.97 [10.19| 14.65 | 2.39 | 2.86 | 3.80
WMF 3.29 |14.436.24 [ 2.65 | 3.57 | 4.88 | 5.98 | 8.04 |12.02|2.01 | 2.83 | 3.97
TGV 3.36 |4.31 | 7.742.67 | 3.20 [ 4.93 | 7.20 |10.10| 16.08 | 1.58 [1.91|2.65
ECCV-CNN 2.55(4.41|6.16|2.31|3.41|5.10 |4.60| 9.14 | 12.89 | 1.42 | 2.67 | 4.15
MFR-SR 2.44|3.85(5.74|2.20/3.11|4.61|5.20 | 7.85 | 12.84 |1.31| 2.45 | 3.16

(a) (b) (c) (d) (e) (f) (2)

Figure 5.2: The visual quality comparison for depth map SR with noise on “Art”
and “Reindeer” datasets. (a) HR color images, (b) ground truth, depth maps are
upsampled (8x) by (¢) AR, (d) Guided, (e) NLMR, (f) TGV, (g) the proposed
method.

fore, the SR experiments are conducted on only three scales (2x, 4x and
8x). Tab. 5.3 lists the results comparison in terms of RMSE. The proposed
method reaches lowest RMSE in most cases. However, since the simple struc-
ture of “Venus”, the advantage of the proposed method is not shown on this
dataset.
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Qualitative Evaluation

Fig. 5.2 illustrates the SR results of the proposed method compared with
state-of-the-art ones: AR (Yang, Ye, Li, Hou & Wang 2014), Guided (He
et al. 2010), NLMR (Park et al. 2014) and TGV (Ferstl et al. 2013). From
the highlighted regions, it is shown that the proposed network can generate
clear depth maps with sharper edges. On the contrary, there are noticeable
noise left in the result of Guided. AR and NLMR suffer from over-smooth
artifacts. TGV fail recovering image structure (e.g., the result on “Art”
dataset).

5.4 Summary

This chapter proposes a CNN-based guided depth SR method. Such end-
to-end neural network progressively upsamples LR depth map to its HR
counterpart under the guidance of corresponding intensity images. It borrows
the concept of residual learning and batch normalization which are beneficial
to coarse-to-fine reconstruction and training. The experimental results on
10 noisy Middlebury RGB-D image pairs are shown the improvement of the

proposed method compared with state-of-the-art methods.
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Conclusions and Future Work

6.1 Conclusions

This thesis presents several techniques to address the problem in high-quality
depth map/sequence acquisition.

Chapter 3 firstly proposes a passive depth-acquisition method via fast
stereo matching, which takes the adaptive matching scheme and affine in-
variant feature into account. The adaptive matching scheme can significantly
reduce computational complexity. And by introducing the invariant feature,
more robust depth for textureless regions are estimated. Subsequently, a
temporal consistency enhancement method is proposed for estimated multi-
view depth sequences to mitigate flashing artifacts in rendered color images.
This method explicitly considers reliability of depth and moving attribute of
regions to mitigate error propagation among frames. Such two methods are
validated by sufficient experiments.

In Chapter 4, three methods are proposed which improve performance
progressively. Firstly, it proposes a depth super-resolution (SR) method
based on hard-decision edge inconsistency measurement. Although it pro-
vides satisfied results for small upsampling factors (i.e., 2x and 4x), the
performance is not robust for large upsampling factors. Then, a soft-decision

edge inconsistency measurement is proposed to address the disadvantage of
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its hard-decision counterpart. It uses a more fine-grained model which con-
siders local and global structure. In the following step, such quantitative
measurement is embedded into MRF-based model. It controls the efforts of
the guidance from the color image. Therefore, the modified MRF can bet-
ter mitigate texture-copying artifacts and preserve depth edges than embed-
ding the hard-decision edge inconsistency measurement. Although promis-
ing depth enhancement results can be obtained by using the second method,
there are some failed cases when the quality of the original depth map is too
low due to non-structural affinity computation in MRF energy function. To
overcome this drawback, it is further proposed to compute the regularization
affinities based on tree distance in the domain of Minimum Spanning Forest.
The soft-decision edge inconsistency measurement is embedded into the edge
weights of each Minimum Spanning Tree which is constructed within a super-
pixel. In addition, such method is further improved by a double-threshold
bandwidth adaption scheme which provides a prior regarding whether the
depth of pixel pairs in the regularization term should be close. The sufficient
experiments show the progressive improvement in SR performance for such
three proposed methods.

Chapter 5 presents a CNN-based guided depth SR method. Such end-
to-end neural network progressively upsamples LR depth map to its HR
counterpart under the guidance of the corresponding intensity images. It
borrows the concepts of residual learning and batch normalization which are
beneficial to coarse-to-fine reconstruction and training. The experimental
results on 10 noisy Middlebury RGB-D image pairs show the improvement
of the proposed method compared with state-of-the-art methods.

Chapter 3 and Chapter 4 of this thesis are supported by the published
conference and journal papers listed in List of Publications. Also, a con-

ference paper is planned based on Chapter 5.
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6.2 Future Work

Very recently, generative adversarial network has been introduced into more
and more applications including object detection (Li, Liang, Wei, Xu, Feng
& Yan 2017) and color image super-resolution (Ledig, Theis, Huszar, Ca-
ballero, Cunningham, Acosta, Aitken, Tejani, Totz, Wang et al. 2016). How-
ever, such technique has not been introduced into depth SR, especially for
guided depth SR. For this research direction, some preliminary experiments
have been conducted which uses the network proposed in Chapter 5 as the
generative network. The principle in Wasserstein GAN (WGAN) (Arjovsky,
Chintala & Bottou 2017) is adopted to construct the discriminator. Based
on the preliminary results, it is found that the loss evaluated in image do-
main may be necessary in the task of SR, since the accuracy of depth map
significantly affects the performance of real scene reconstruction. But such
image domain loss may lead to smooth edges, which is not the expected goal
for introducing generative adversarial network. In addition, the denoising
ability is not satisfied when a complex loss consisting of image domain loss
and WGAN loss is adopted. For future work, some insights are expected to

address such problems.
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