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In recent decades, we have witnessed the explosive growth of research in computer vision, graph-

ics, and robotics brought by the evolution of depth cameras. With depth information, computers

will have a better understanding of the physical world. However, the quality of the depth images

captured by current low-cost depth sensing devices is often poor and noisy. In this dissertation,

we describe the efforts that we have made in utilizing the potentially noisy depth information for

some emerging 3D applications. Our contributions are mainly in three areas: First, to improve the

construction of 3D object models using noisy depth information, we propose a novel algorithm

that can achieve a better 3D point cloud registration. Second, since the resolutions of the depth

images from current low-cost depth sensing devices are often not sufficient for practical applica-

tions, we propose novel algorithms that perform better than existing state-of-the-art algorithms for

depth image super resolution. Third, we utilize the depth information to help create a large-scale

street-view dataset with semantic and instance level scene labeling using 3D to 2D label transfer

for the purpose of scene understanding and autonomous driving research.
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Chapter 1

INTRODUCTION

1.1 Background

Nowadays, depth sensors are becoming more and more popular in various research applications.

For example, the time-of-flight cameras SwissRange SR4000 depth camera and the PMD Cam-

cube camera have very high accuracy in capturing object depth. LiDAR laser scanners such as

Velodyne rotating scanner HDL or SICK LMS 3D laser scanners are widely used on cars or drones

for applications such as 3D scene understanding and reconstruction. RGB-D sensors such as the

Microsoft Kinect and the PrimeSense Carmine are nowadays more affordable cameras (less than

$400 USD) that are capable of capturing the high-resolution RGB and associated depth images

simultaneously.

These depth sensing technologies represent an opportunity to dramatically increase the ob-

ject recognition, manipulation, navigation, and interaction capabilities in robots. The success of

utilizing depth has been demonstrated in applications including autonomous car driving as well

as robots navigating the home environment. For example, researchers in [77, 105] have investi-

gated the detection and tracking of cars using the Velodyne laser array as the sensor. Others have

looked at object recognition in mobile robots navigating an urban environment with a very high

accuracy [140].

However, the depth information is sometimes sparse and noisy. It is quite often a challenge

when the quality of depth images is not satisfactory, as this limits the related 3D applications. For

instance, the depth images from RGB-D cameras are noisy with some information missing around

depth discontinuities. In this sense, the depth information can be misleading for detecting objects.

Moreover, the relatively low-resolution depth images also limit the applications that require accu-

rate depth information, such as 3D object reconstruction or 3D scene understanding. Furthermore,
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this issue raises an interesting question: under the sparsity constraint of the depth data, can we

fully utilize it to aid the 2D applications that require getting the pixel-wise information such as

pixel-level image/video segmentation?

1.2 Thesis Outline

In this dissertation, we propose improved techniques for depth processing and applications that

utilize depth information. The dissertation demonstrates the following thesis:

1. Depth-related applications such as point cloud registration can be significantly improved

with the combination of RGB and depth data.

2. Single-view depth image quality can be enhanced through increasing its resolution and noise

removal.

3. Sparse depth information can be fully utilized by efficiently creating a large scale semantic

and instance level segmentation.

In Chapter 2, we describe our work on 3D point cloud registration. We propose a new approach

for fine registration of 3D point clouds by combining the RGB and depth information in a modified

iterative closest point (ICP) framework. We also develop a robust outlier rejection method based on

the color information under challenging scenes such as when the object lacks structural features or

when there is a dramatic view change. We show in the experiments that our proposed method can

achieve superior results compared to other related methods, in terms of both registration accuracy

and efficiency.

In Chapter 3, we discuss our two proposed approaches for single-view depth image super-

resolution: a Coupled Dictionary Learning-based approach with Local Constraint, and an Edge-

Guided approach. In the Coupled Dictionary Learning approach, we jointly increase the resolution

and remove the noise of the depth image. In the Edge Guided approach, we propose a new frame-

work which converts the depth super-resolution problem into an edge upsampling and depth inter-

polation problem. We also investigate the possibilities of learning the high-resolution edges solely
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based on self-similarities. Experiments demonstrate that our approach outperforms other methods.

As a comparison of the two proposed approaches, the dictionary learning method better handles

the noise present in the depth image, while the Edge Guided method performs better in terms of

percent of error in the depth map, as well as the visual result. It is worth mentioning that for the

Edge Guided method, we are able to achieve a 29% drop in error compared with state-of-the-art

methods (including color assisted depth super-resolution approaches).

In Chapter 4, we propose utilizing depth information to help create a large scale scene semantic

and instance segmentation benchmark for 2D/3D scene labeling research and applications. We

contribute a novel suburban dataset with over 400k frames and laser scans in total and annotate

all objects using 3D bounding primitives. We also propose a novel Markov Random Field model

capable of transferring the 3D label information to every pixel in every image by reasoning jointly

about pixels, sparse 3D points from LiDAR and stereo videos, as well as geometric cues in 3D.

In Chapter 5, we conclude the dissertation and discuss some possible future directions.
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Chapter 2

FINE REGISTRATION OF 3D POINT CLOUDS FUSING STRUCTURAL
AND PHOTOMETRIC INFORMATION USING AN RGB-D CAMERA

2.1 Introduction and Related Work

3D object modeling is an active research topic, and has many practical applications such as ani-

mation, human computer interaction, virtual reality, and object manipulation by industrial robots

[2, 3, 29, 66, 70]. With the birth of low-cost RGB-D cameras (such as Kinect), synchronized RGB

and depth images can be captured at the same time, making 3D modeling of an object more robust

and accessible.

In a typical 3D modeling process using an RGB-D camera [61], first, the 3D partial point clouds

of the object from different views are pairwise registered (or aligned) through a coarse registration

algorithm such as RANSAC (Random Sample Consensus) [38,57], and then this initial registration

is further refined by an iterative fine registration algorithm such as the ICP (Iterative Closest Point)

algorithm [11,21,127]. After the fine registration, the 3D point cloud model can be transformed to

other 3D representations for different applications.

The ICP convergence is sensitive to outliers and noise. Many points on the source point cloud

do not have ideal correspondences on the target model. To improve the performance of ICP, some

variants of ICP have been proposed [12, 19, 22, 106, 109, 160]. The variants cover the pruning,

downweighting, and outlier rejection of the 3D points, as well as the minimization of the error

metric. The work in [109] and [22] set up criteria to discard points that are too far away from the

correspondence or too close to the geometry boundary. In [106], the fraction of inliers is computed

in a statistically robust manner. The work in [19, 160] introduces robust functions to reweight the

importance of inliers instead of trimming outliers. In [12], people use sparsity-inducing norms to

constrain inliers in order to avoid the heuristics of pruning or reweighting correspondences.
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However, in some cases, such as an object lacking distinguishing structural features or under

significant camera view changes, even if we achieve an almost perfect alignment in the initial align-

ment stage, these ICP variants may actually move away from the correct alignment and converge

to an incorrect alignment result since they only use structural information (i.e., the 3D coordinate

information), as will be shown in the next section.

Some works propose to simultaneously consider multiple correspondences per feature point

using the Expectation Maximization (EM) algorithms [25, 48] or based on a Gaussian Mixture

Model (GMM) [63]. Although these methods improve the convergence of ICP, in the case of a

large number of outliers or noise, registration still heavily relies on the distance to the nearest

matching feature, which makes these methods less robust.

Several color-based ICP algorithms [32, 64, 101] have been proposed to alleviate this issue,

showing that adding the color information decreases the registration error significantly when ob-

jects lack structural features. However, directly using color as a feature is not reliable, since the

color may not be consistent in different views due to lighting, shadow, or reflection.

In [51, 79], SIFT descriptors [87] are incorporated into the ICP iteration process for improved

registration when objects lack structural features. However, in [79] the algorithm operates solely

on sparse SIFT feature points, which is a very small subset of the point clouds when extended

to the 3D modeling case. The performance of the algorithm is limited since the rich structural

information from the 3D point clouds is not fully used. The algorithm could be extended to running

on all the 3D points in the point clouds. However, it would require computing the 128-dimensional

SIFT descriptor for every point in the object in the search for the closest distance, which is very

computationally inefficient. Also, it will have problems if the object lacks salient texture features.

Furthermore, both [79] and [51] utilize a fixed coefficient for weighting the closest distance and

SIFT matching distance, which may not provide the best performance.

Aside from ICP, there is also existing work in 3D point cloud registration. In [91], an efficient

indexing scheme in 3D registration is proposed, which speeds up the algorithm towards finding the

global optimal alignment. Researchers have also proposed to use high-level features to improve

the surface registration accuracy. In [69], an intrinsic map is generated between two non-isometric,
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genus zero surfaces. Based on the blended map, dense feature correspondences can be established.

In [99], a general algorithm is proposed to find intrinsic symmetries of shapes with Heat Kernel

Signature [122] in order to match partial and incomplete models efficiently. The work in [129]

introduces a new shape-matching algorithm for computing correspondences between 3D surfaces

that undergo isometric deformations. However, notwithstanding the demonstrated success of these

surface registration approaches, in the RGB-D case, 3D surface reconstruction is vulnerable to the

noise contained in the point cloud, which makes the surface-based registration less accurate.

In this chapter, we propose a more robust and efficient point cloud fine registration approach by

enhancing ICP with a new cost function that balances the significance of structural and photometric

features with dynamically adjusted weights to improve the error minimization process. In addition,

we introduce a novel outlier rejection method, which adaptively sets the outlier distance threshold

in each ICP iteration, while taking into account both 3D structural features of the object and the

spatial distances of the SIFT feature pairs. We show that our contributions can achieve superior

results compared to other related methods, both in terms of registration accuracy and efficiency. In

particular, we demonstrate our approach in several challenging scenarios, involving objects with

symmetrical structures and alignment with large camera view displacements [65, 147].

2.2 The Fine Registration Problems

In this section, we show the setup we used to demonstrate the problems we are addressing, i.e.,

fine registration under some challenging scenarios involving symmetrical objects and significant

camera view changes, where ICP produces inaccurate results.

The RGB-D images we used are from the RGB-D Object Dataset [76]. A round food-can is

placed on a turntable to illustrate the case of a symmetrical object. Figure 2.1 shows two RGB

images and their corresponding depth images from two views, captured using a Kinect camera.

The image resolution is 640× 480. In the depth images, the lighter intensity of a pixel means it is

farther from the camera. For the black region (e.g., the top part of the can and the background area

around the turntable), the depth information is not available.

We use only the SIFT features extracted from the food-can in the RGB images to perform
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(a) (b)

(c) (d)

Figure 2.1: The RGB and depth images of two different views showing the setup for illustrating a

case where the standard ICP fails to perform fine registration due to structural ambiguity.

RANSAC for the initial alignment. After the initial registration, we perform ICP on the food-can

for the fine alignment to obtain the final transform. Since the food-can and the turntable are rigid

objects and are fixed to each other, ideally, the transform should also apply to the turntable. We use

the four red rectangle markers on the turntable as shown in the figure to demonstrate this problem.

Since the markers are very sharply defined and have a very distinct color from the turntable, it is

easy to precisely extract the corners of the markers (in the simulations we use the Harris corner

detector) which are highlighted as color dots in the figure. These corner points serve as the ground

truth points for comparing the alignment results in our simulations. With the coordinates of the six

ground truth points, which are visible in both 3D point clouds, we can compute the errors of the

ground truth points during the fine registration process. Since the markers are at a distance from

the food-can, and the ICP is performed only based on the 3D points of the food-can, the markers

also serve the purpose of making the errors more visible. It should be noted that most of the black
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(a) (b)

Figure 2.2: 3D point clouds registered from two views. (a) Initial registration result after

RANSAC. (b) Fine registration result after ICP.

area around the turntable belongs to the background. Since in the simulations we only deal with

the food-can and the corners of the markers, this black part does not affect our results.

In the above case, the food-can is round without any distinct structural features. Figure 2.2a and

Figure 2.2b show the partial 3D point clouds after the initial alignment and after the ICP registration

from the two views in Figure 2.1, respectively. The pictures look noisy since the depth images from

the Kinect camera are noisy. From Figure 2.2a, we can see that after the coarse initial alignment,

the red markers are well aligned. However, after ICP is performed for the fine registration as shown

in Figure 2.2b, the markers are no longer aligned. In Figure 2.2b, the two sides of the red marker

highlighted are mixed with red and white colors, since with the misalignment, the two red markers

are not completely overlapped to each other. Due to the noisy depth values, in some locations of

the non-overlapped regions, the white color turntable may appear in front, and in other locations,

the red color marker may appear in front, which causes the region to have a mixed red and white

look.

In Figure 2.3, we plot the RMSd which is the RMS (Root Mean Square) value of the closest

distances of the 3D point clouds and the RMS distance of the ground truth points (the 3D coordi-

nates of the red marker corners) in each iteration. From the figure, we can see that although the

RMS value of the closest distances of the 3D points of the food-can continues to decrease, the RMS

distance error of the ground truth points is increasing, indicating that the ICP is actually converging
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Figure 2.3: Fine-registration error curve for a symmetrical object with ICP. (Unit: m)

to a wrong position due to the lack of structural features.

We also consider the scenario where the overlap region in the two views is relatively small due

to significant camera view changes, as shown in the cereal box case in Figure 2.4. Figure 2.4c and

Figure 2.4d show the visual alignment result after the initial alignment and after ICP, respectively.

2.5 shows the corresponding error curves. From the figures, we can see that although the RMS

value of the closest distances of the 3D points of the cereal box continues to decrease, the RMS

error of the ground truth points increases, which also indicates that ICP is converging to a wrong

position.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2.4: Alignment of ICP for the case with a small overlapping region in the two views.

(a)-(d) The RGB and depth images of two different views. (e)-(f) Partial point clouds from the two

views. (g) Visual result after initial alignment. (h) Fine registration visual result after ICP. (Best

viewed in color)

2.3 Proposed Method for Fine Registration

Given the RGB and depth images of two views from the RGB-D camera, we can obtain two 3D

point clouds p = {p1...pN} and q = {q1...qM}, where N and M are the numbers of points in the

two 3D point clouds, respectively. The SIFT feature points are extracted from the two RGB images.

In the initial alignment provided by RANSAC, we find the set of corresponding SIFT feature 3D

points as cf = (pf1, qf1), ... , (pfL, qfL) where pfi and qfi are the corresponding SIFT feature



11

iteration#
0 5 10 15 20

R
M

S
d

×10 -3

4.5

5

5.5

RMS of closest distances of 3D points
- Object with less overlap

iteration#
0 5 10 15 20

R
M

S
d

×10 -3

6

7

8

RMS of distances between ground truth points
- Object with less overlap

Figure 2.5: Convergence of ICP for the case with a relatively small overlapping region in the two

views. (Unit: m)

3-D points in p and q, respectively, and L is the number of the matched SIFT feature point pairs.

It should be noted that the matched SIFT feature point pairs are relatively sparse compared to the

original 3-D point clouds (i.e., L is much smaller than M and N ). After the initial alignment, the

standard ICP algorithm performs fine registration of the two point clouds by iteratively associating

points through a nearest-neighbor search and estimating the transformation parameters using a

mean square cost function (see [11, 21] for details).

2.3.1 Objective Function Fusing Structural and Photometric Information

To overcome the problem associated with the case of objects lacking structural features, a SIFT-

based term can be added into the cost function in the error minimization process, in addition to
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the closest distances of the nearest neighbors. To fully utilize the rich structural information of the

3D points, unlike [79] where the iterations are only applied to the sparse SIFT feature points, in

our proposed approach the iterations are applied to all the 3D points. To prevent the calculation

of the 128-dimensional SIFT descriptor for every 3D point which is computationally intensive, we

propose to use the spatial distances of the matched SIFT feature pairs, which are readily available in

the iterations of the ICP algorithm, instead. In this section, we define T (0) as the transform matrix

after RANSAC and before the iteration, and T (k) as the transform matrix after the kth iteration in

the process.

The new objective function to be minimized in the kth iteration to find T (k) is

E(k) =
∑
pi∈p

αi‖pi · T − q∗(k)i ‖2 +
∑

(pfi,qfi)∈cf

βi‖pfi · T − qfi‖2 (2.1)

where q∗(k)i is the corresponding point in the point cloud q with the closest distance to each point

pi in the point cloud p given two point clouds p and q:

q
∗(k)
i = arg min

qj∈{q}
(‖pi · T (k−1) − qj‖2). (2.2)

pfi and qfi are corresponding SIFT features points in q and q in 3D.

αi and βi are the weights for the closest distance of the nearest neighbor and the spatial distance

of the corresponding SIFT feature pair, respectively, and will be discussed further in the following

sections. The first term in the objective function of Eqn. 2.1 is the weighted mean square of

the closest distances of the inliers. It should be noted that in Eqn. 2.1 we show the point-to-point

distance as the error metric. In the simulations, we also try using the point-to-plane distance [21] as

the error metric, and the results are about the same. In the simulation results shown later, the point-

to-plane distance is used. The second regularization term is the weighted mean square of 3D spatial

distances of the SIFT feature correspondence pairs. It effectively constrains the convergence to the

correct direction, which minimizes both the spatial distances of points with structural features and

the spatial distances of SIFT correspondence pairs that represent texture features.
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2.3.2 Adaptive Outlier Rejection and Dynamic Weighting for the 3D Points

As the alignment being refined, the outliers in the closest distance matching should be rejected in

each iteration so that they do not affect the accuracy of the result. To utilize both the structural

characteristics related to the statistics of the closest distances of the 3D point clouds as well as

the spatial distances of the SIFT correspondence pairs, we propose a new outlier rejection method

based on an adaptive threshold that depends on both the matching errors of the closest distances of

the 3D points and the spatial distances of the SIFT correspondence pairs. The adaptive threshold

for the outlier rejection is defined as:

t(k) = c ·
√
er(k) · df (k) (2.3)

where c is a constant. er(k) is the root mean square of the closest distances for the statistical inliers

s(k) defined as:

er(k) =

√
meanpi∈s(k)(‖pi · T (k−1) − q∗(k)i ‖2) (2.4)

where

s(k) = {pi|cd(k)i + 3 · std(cd
(k)
i )} (2.5a)

cd
(k)
i = ‖pi · T (k−1) − q∗(k)i ‖. (2.5b)

df (k) is the average spatial distance of m% SIFT feature correspondence pairs with shorter closest

distances. We make the adaptive threshold t(k) for outlier rejection depend on the average spatial

distance of m% SIFT feature correspondence pairs with shorter spatial distances instead of the

average distance of all the SIFT feature correspondence pairs, because even after the RANSAC

initial alignment, some of the SIFT feature points may still not be well matched. So, some of the

spatial distances may be relatively large which makes the use of the average distance of all the

SIFT feature pairs not appropriate. Using a subset of SIFT feature pairs with shorter distances, we

can ensure the accuracy of the chosen feature correspondences. In practice, we choose m = 30,



14

which is trained from experiments. We also find that when using a percentage between 25% and

60%, the final accuracy is not sensitive to the choice of that percentage parameter. The outlier

rejection is implemented by setting αi in Eqn. 2.1 to zero if the closest distance of a 3D point pair

is larger than the adaptive threshold calculated from Eqn. 2.3

After the outlier rejection, some inliers are more reliable than others. If two corresponding

3D points based on closest distance have similar surface variations, they are more likely to be

the correct pair, and so the weighting can be adjusted with more confidence and vice versa. As

mentioned in [104], the surface variation is closely related to the curvature but needs much less

computation than the curvature calculation. Since local features can have a better representation of

the surface structure, we set αi based on the 3D local surface variations as:

αi =


√

0.01

|σ(pi)−σ(q
∗(k)
i )|

cd
(k)
i < t(k)

0 otherwise
(2.6)

Here σ(∗) denotes the surface variation defined in [104]:

σ(pi) =
λ0

λ0 + λ1 + λ2
(2.7)

and λi(λ0 ≤ λ1λ2) are eigenvalues of the covariance matrix:

C =
1

r
·


pi1 − p̄i
...

pir − p̄i

 ·

pi1 − p̄i
...

pir − p̄i


T

. (2.8)

pi1...pir are the closest r points around pi and p̄i is the centroid of these local neighbors.

2.3.3 Dynamic Weighting for the SIFT Feature Pairs

From the experiments, we found that the relative weighting for the SIFT feature correspondence

distances is also important. If the weighting is too large, the transformation will mainly depend on

the relatively small number of the SIFT feature correspondences. This could give problems when

the SIFT feature correspondences are not completely reliable. On the other hand, if the weighting
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is set too small, the feature based regularization term becomes less significant. To properly balance

the significance of the structural and photometric terms, the weight βi should reflect the relative

reliability between the structural and photometric terms. If the 2D SIFT feature matching distance

is large, which means that the SIFT feature matching is less accurate, βi should be smaller. Also,

if the RMS of the spatial distances of the SIFT feature correspondences is larger than the RMS

distances of the inlier set s(k), βi should also be smaller. Based on the above argument, βi is set as:

βi = c′ · 1

dist(pfi, qfi)
· er(k)√

mean(pfi,qfi)∈cf (‖pfi · T (k−1) − qfi‖2)
(2.9)

where c′ is a constant, dist(pfi, qfi) is the 2D SIFT matching distance between (pfi, qfi), which

is available from the SIFT feature matching in the RANSAC initial registration stage, and the

second term is the ratio between the RMS distances of the inlier set s(k) and the RMS of the spatial

distances of the SIFT feature correspondences. er(k) is calculated from Eqn. 2.4.

2.3.4 Summary of the Overall Algorithm

In the algorithm described above, the adaptive threshold t(k) utilizes both the structural information

and the SIFT features of the point clouds. Moreover, the SIFT feature matching constraint is added

into the objective function with a dynamic weighting. As a result, the algorithm will converge

properly even for challenging scenarios. It should be noted that from the experimental results, the

parameters we set are not sensitive to the change of datasets. Unlike the outlier rejection method

described in [160], our proposed algorithm utilizes the texture feature information in the outlier

rejections. Moreover, unlike the color-based ICP algorithm in [32, 64], our method is more robust

to lighting changes. Our proposed 3D registration algorithm is summarized as follows. For the kth

iteration (k = 1, 2, ...) in the fine registration process:

(i) For each point pi in the point cloud p, find its corresponding point q∗(k)i by searching for its

closest point in q. In our implementation, we use a k-d tree to efficiently find the nearest neighbor.

cd
(k)
i = ‖pi · T (k−1) − q∗(k)i ‖. (2.10)
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(ii) Compute the statistical inliers s(k) according to Eqn. 2.5, and er(k) according to Eqn. 2.4.

Then we calculate df (k) from the average spatial distance of 30% SIFT feature correspondence

pairs with shorter closest distances.

(iii) Calculate the adaptive threshold for outlier rejection defined in Eqn. 2.3:

t(k) = c ·
√
er(k) · df (k).

(iv) Compute the dynamic weights for outlier rejection and balancing the two terms αi and βi

according to Eqn. 2.6 and Eqn. 2.9. Then we find the transformation T (k) by minimizing the

objective function:

E(k)(T ) =
∑
pi∈p

αi‖pi · T − q∗(k)i ‖2 +
∑

(pfi,qfi)∈cf

βi‖pfi · T − qfi‖2.

T (k) = arg minT (E(k)(T )). Also we delete points pi from p with cd(k)i > 10 · t(k) so that in the

next iteration, we just need to calculate the closest distance for those remaining points.

(v) The iteration terminates after the RMS of the closest distances of the inliers is smaller than

a set threshold, or until a fixed number of iterations is reached (we set the iteration number to 18

in our experiments).

We show that this approach is also effective to improve the performance of ICP in the situation

of significant camera view changes. In this situation, the overlapping region is relatively small. If

the threshold of the outlier rejection only depends on the statistic information of the closest dis-

tances of the 3D points, the threshold will be relatively large due to the large number of outliers,

meaning fewer points will be rejected. This causes convergence problems and makes the registra-

tion result inaccurate. Our outlier rejection method makes the threshold tighter under this situation,

which improves the performance of the registration.

2.4 Experimental Results

In Figure 2.6, we show the alignment result for the case of an object with a symmetrical structure

(the food-can case in Figure 2.2) using our proposed algorithm. In this case, the result converges
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Figure 2.6: Fine-registration errors for the symmetric object by our proposed method. (a)

Error curves (Unit: m). (b) The associated visual result of registering the two point clouds from

Figure 2.1. (Compare to Figure 2.2b.)

correctly towards the ground truth points and the errors continue to decrease. Also, the errors are

much smaller. In Figure 2.6, we show the associated visual result. Compared to the original ICP in

Figure 2.2b, with our proposed approach in Figure 2.6b, the markers are aligned very well, which

shows the effectiveness of our approach.

In the food-can case, the approximate percentage of overlaps is about 60%, so we also draw the

curves in Figure 2.7a with a fixed 40% (which gives better performance compared to other fixed

percentages) outlier rejection method [22], the outlier rejection method in [160], and the SIFT

based registration approach in [79] for comparison. We also compare our results with state-of-the-

art ICP variant methods such as [12] and [19]. As can be seen from the figure, these methods have

different degrees of convergence problems, and have larger mean square errors as the iteration runs.

We also draw the curves of results from the color-based ICP approach in [64] with different shading
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conditions in Figure 2.7b. In the color-based ICP results, the errors are much larger compared to

the result of our approach, and its accuracy varies significantly in different shading conditions.

In our approach, since the SIFT descriptor is more robust to illumination changes, the inlier SIFT

features do not change in this case, so the varied shading does not affect the fine registration results.

It should be noted that the scale is different in the two figures due to different ranges of errors in

the comparisons.

In Figure 2.8, we show the case for an object with relatively small overlapping regions (the

cereal box case in Figure 2.4) using our proposed algorithm. From the error curve, we can see that

our result converges correctly. Also, the errors are much smaller. Figure 2.8 shows the associated

visual result of this case, in which the markers are aligned well.

Figure 2.9 shows the RMS error of the ground truth points for the small overlap case with

different methods. In this case, the percentage of overlap is about 40%, so in Figure 2.9a, we also

draw the curves with a fixed 60% outlier rejection approach [22], (which gives better performance

compared to other fixed percentages), the adaptive outlier rejection method in [160], the SIFT based

registration approach in [79], and the state-of-the-art ICP variant methods such as [12] and [19].

From Figure 2.9a, we can see that for previously reported approaches, the ICP registration result

becomes less accurate as the iteration runs. However, from the result of our approach, the error

becomes much smaller as the iteration runs. We also show the result of the color-based ICP in [64]

and our proposed method in different shading conditions in Figure 2.9b. From Figure 2.9b, we can

see that in different shading conditions, the color based ICP in [64] varies in convergence. For our

proposed method, which is independent of the color and illumination, even with different initial

alignments, the errors of the ground truth points of both cases converge to much smaller values.

We have also conducted quantitative experiments compared with more 3D registration baseline

methods.

Dataset. In addition to the RGB-D dataset in [76], we also pick RGB-D data from the TUM

RGB-D dataset [121]. Figure 2.10 shows some of the examples of the RGB-D data that are used

in our testing scenario. We construct the point clouds from the RGB-D images also with differ-

ent point density values. The content of the point clouds ranges from a small object placed on a
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Figure 2.7: Comparison of the RMS of the distances between the ground truth points. (a)

With different methods for the symmetric food-can case. (b) With different lighting. (Unit: m)
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Figure 2.8: Fine-registration errors for an object with a relatively small overlap in the two

views by our proposed method. (a) Error curves (Unit: m). (b) The associated visual result of

registering the two point clouds in Figure 2.4 (Compare to Figure 2.4c).

turntable to a daily office scene. It should be noted that we are mainly focused on the fine registra-

tion problem on objects with fewer structural features or different views with small overlaps. So,

actually the simple cases such as a round cup or a small box with fewer overlapping regions could

be more appropriate in showing the problems of the current ICP algorithms and our superior per-

formance. Nevertheless, for purpose of generalization, we also show our algorithm’s effectiveness

in more general cases.

The pairwise point clouds are chosen with respect to different categories: 1) Symmetric objects,

2) Two views with smaller overlapping regions, 3) General cases with distinctive geometrical struc-

tures. Across the dataset, we arbitrarily choose two views of the object and use the same way to add

markers serving as ground truth points. It should be noted that the marker points that we choose

will not be covered by the point clouds that we want to register with and are generally far from

the point cloud. Therefore, the measured distance between ground truth markers is larger than the
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Figure 2.9: Comparison of the RMS of the distances between the ground truth points with

different methods. (a) For the object in two views with relatively small overlap regions. (b) With

different lighting. (Unit: m)
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actual registration error distance. (This metric magnifies the errors.) For each category, we use six

testing data (Test 1 - 6).

Figure 2.10: Examples of the RGB images from different views (left, middle) and corresponding

point cloud (right) for our experiments.
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Table 2.1: RMS Error from the Ground Truth with Symmetrical Objects. (Unit: mm)

Data Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Adaptive [160] 3.004 5.087 5.595 11.489 8.801 12.284

TriICP [22] 3.672 9.184 3.570 13.401 7.830 12.030

Reweight ICP [19] 4.193 4.979 4.811 17.898 7.616 12.811

Color Based [64] 6.569 7.952 9.579 12.754 8.018 11.841

SIFT Based [79] 7.438 6.115 6.233 11.489 8.801 12.284

ADMM [12] 27.990 22.853 3.135 65.656 13.934 19.135

Super4PC [91] 3.955 27.868 5.116 11.489 39.571 12.357

SURF3D [71] 3.683 20.614 4.179 34.827 70.743 23.280

PFH [112] 20.312 20.614 24.420 85.309 55.983 70.555

Ours 2.843 5.578 3.103 11.401 7.363 11.396

Baseline Methods. Aside from the ICP related methods such as [160], [64], [22], [79] and

[19], we also compare our method with more general 3D registration methods like Super4PC [91],

and 3D feature-based registration such as [112] and [71]. For the 3D feature-based registration

methods, as mentioned in [112], we first perform k-nearest neighbour to find the correspondences

between the descriptors of extracted 3D key points, and then we use RANSAC to reject outliers

and estimate the optimal transformation between the two point clouds.

We compare the RMS distances from the ground truth points using the same techniques as

stated before. The results are shown in Table 2.1 to 2.3.

From the above results, we can see that our method generally performs better than previous

methods. It is surprising to see that methods based on 3D structural correspondences such as

SURF3D [71] and PFH [112] perform much worse than the other fine registration methods. The

reason behind it might be that 3D structure-based features are not as reliable as photometric features

in the point cloud present with noise. Also in situations when objects lack salient structural features

or when there is a large view change between two point clouds, the 3D structure-based features
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Table 2.2: RMS Error from the Ground Truth for Two Views with Less Overlap Regions. (Unit: mm)

Data Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Adaptive [160] 4.339 12.201 5.036 6.691 4.309 8.258

TriICP [22] 32.571 15.296 4.076 60.758 26.348 28.432

Reweight ICP [19] 3.703 12.592 4.599 5.002 4.919 7.902

Color Based [64] 25.456 13.033 2.537 44.688 19.390 20.004

SIFT Based [79] 5.832 12.486 5.507 10.291 4.081 10.608

ADMM [12] 3.728 24.275 3.047 58.319 17.329 7.818

Super4PC [91] 6.200 29.141 3.540 34.360 34.672 10.836

SURF3D [71] 30.197 29.836 4.489 34.456 34.073 34.179

PFH [112] 3.611 21.433 3.627 22.821 34.212 26.686

Ours 2.840 11.586 2.679 3.780 3.855 2.953

Table 2.3: RMS Error from the Ground Truth for General Cases with Distinctive Geometric Structures.

(Unit: mm)

Data Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Adaptive [160] 4.249 2.724 3.034 3.932 12.417 459.867

TriICP [22] 4.118 1.768 2.836 3.302 53.676 7.799

Reweight ICP [19] 4.489 1.563 2.882 4.908 20.098 8.820

Color Based [64] 4.231 1.209 2.854 3.243 53.227 7.288

SIFT Based [79] 4.051 2.754 3.054 6.025 12.431 6.264

ADMM [12] 4.011 1.362 2.927 5.300 32.088 6.618

Super4PC [91] 16.577 5.360 6.210 4.050 29.884 6.248

SURF3D [71] 3.398 4.955 5.789 18.172 48.407 56.910

PFH [112] 8.475 4.729 4.649 10.953 37.842 9.213

Ours 3.280 1.194 2.773 2.934 12.805 6.345
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often fail to extract salient points or find matches. The state-of-the-art methods such as ADMM

and Super4PC generate large registration errors in the above situations as well since solely relying

on the 3D structure is not enough.

We also conduct experiments on the computation comparison. Table 2.4 and 2.5 list the regis-

tration time comparisons for the food-can case (Figure 2.2) and the cereal box case (Figure 2.4),

respectively. We implement our algorithms in MATLAB 2010b. The simulations are carried out us-

ing a machine with a dual-core 3.1 GHz Intel i3-2100 CPU, 8.0 GB RAM running 32-bit Machine.

From the tables, we can see that the color-based ICP method [64] is more computationally inten-

sive than the original ICP, since the closest distance search is performed for all the points and the

distance combines both the 3D coordinates and the color channels. The SIFT-based method in [79]

has a shorter processing time because in the ICP process only the key feature points are taken into

account. The ADMM method in [12] is the most computationally intensive, as it introduces higher

order metrics during optimization. In our method, we can see the time to pre-calculate the surface

variation and the outlier rejection threshold is not significant. Also, since we have deleted some

outliers in each iteration, the time spent on searching for closest distance decreases a lot, espe-

cially in the case of objects with less overlapping regions, which demonstrates the efficiency of our

algorithm.

2.5 Conclusion

In this chapter, to improve the accuracy and robustness of the ICP algorithm, we introduced a

regularization term incorporating the spatial distances of the SIFT feature pairs with dynamically

adjusted weights to balance the errors in the error minimization process. We also proposed a new

outlier rejection method which is based on dynamic thresholding and leveraged both the structure

and sparse feature pairs from the texture of the RGB images as a constraint to keep the ICP itera-

tions in the right convergent track. Simulation results demonstrate the effectiveness of the proposed

approach compared to previous methods, and the robustness under challenging situations such as

objects lacking structural features, significant camera view changes, and different lightings.
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Table 2.4: Registration Time Comparison for the Food-can Case with Other ICP based Methods

Number of points: N=3214, M= 3200, after 18 iterations. (unit: sec.)

Compared Method Pre-process time ICP process time Total

(RANSAC, SIFT matching, etc.)

TriICP [22] 0.720 0.287 1.007

Adaptive ICP [160] 0.720 0.299 1.019

Color based ICP [64] 0.921 0.855 1.776

SIFT based ICP [79] 0.723 0.129 0.852

Reweight ICP [19] 0.720 0.526 1.246

ADMM [12] 0.720 10.668 11.388

Ours 0.780 0.504 1.284

Table 2.5: Registration Time Comparison for the Cereal-box Case with Other ICP based Methods

Number of points: N=6390, M= 3413, after 18 iterations. (unit: sec.)

Compared Method Pre-process time ICP process time Total

(RANSAC, SIFT matching, etc.)

TriICP [22] 1.042 1.396 2.438

Adaptive ICP [160] 1.042 1.401 2.443

Color based ICP [64] 1.183 2.086 3.269

SIFT based ICP [79] 1.114 1.110 2.224

Reweight ICP [19] 1.042 2.701 3.743

ADMM [12] 1.042 17.615 18.657

Ours 1.140 1.081 2.221



27

Chapter 3

SUPER-RESOLUTION FOR A SINGLE DEPTH IMAGE

3.1 Introduction

During recent years, we have witnessed a rapid progress in the field of 3D imaging. The birth of

low-cost 3D scanning devices such as Microsoft Kinect and Time-of-Flight (TOF) cameras have

opened the door for new applications in different research disciplines, including computer vision,

graphics, human computer interaction, and virtual reality. However, the limited resolution and

low quality of the depth map generated by these cameras still pose serious issues for various 3D

applications. For example, the resolution of the SwissRange SR4000 depth camera and the PMD

Camcube camera are only about 200 × 200. Even for Kinect, the resolution of the depth image

is only 320 × 240 for Kinect v1 and 512 × 424 for Kinect v2, which is much lower than that of

its corresponding color image (1280 × 960 at 12 fps for Kinect v1 and 1920 × 1080 at 30 fps for

Kinect v2). In this chapter, we aim to enhance the resolution of depth images for 3D applications

relying solely on a single depth image as input. Image super-resolution (SR) aims to reconstruct a

high-resolution image from its low-resolution counterpart. It is a challenging task in the computer

vision field. In its essence, image super-resolution requires the prediction of a large amount of

unknown pixels based on the input pixels. To date, super-resolution is also intensively related to a

variety of other problems such as image denoising, deblurring, or inpainting.

In this chapter, we address the problem of depth image super-resolution and denoising, which

offers unique challenges that are different from color image super-resolution. The depth map

captured by existing consumer cameras is usually degraded by noise due to inaccurate scanning

hardware or difficulties in calculating the disparity. Although depth maps contain less texture

compared to color images, human eyes are usually more sensitive to noise in 3D (when noise is

along surface normal directions, it is more likely to be noticed compared to viewing in 2D), so the
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artifacts produced from depth super-resolution will become less tolerable for 3D applications.

We propose two approaches from different aspects to achieve our goals: a Coupled Dictionary

Learning–based approach with Local Constraint (CDLLC) and an Edge Guided approach (EG).

In CDLLC, we propose a novel dictionary learning-based algorithm for the single depth image

super-resolution problem. We add local constraints into the coupled dictionary learning and re-

construction process to remove the prediction uncertainty and to prevent the dictionary from over-

fitting. We also tackle the jagged noise problems in depth image super-resolution by incorporating

an adaptively regularized Shock filter. We show that since the Shock filter can simultaneously

clean up the jagged noise and sharpen the edges, it is particularly suitable for de-noising the depth

map, which contains less texture information. Furthermore, we propose to jointly reconstruct and

smooth the high-resolution image using an L0 gradient smooth constraint. We perform the recon-

struction and L0 smoothing in an iterative scheme so that the reconstructed high-resolution depth

image is more robust to noise.

In EG, we propose a novel framework for single depth image super-resolution guided by a

reconstructed high-resolution edge map. We convert the super-resolution problem from high-

resolution texture prediction to high-resolution edge prediction, which is motivated by the essence

that edges are of particular importance in the textureless depth image. We also explore the self-

similarity of patches during the edge construction stage, when limited training data is available.

Guided by the predicted high-resolution edge map, a modified joint bilateral filter is applied to

reconstruct the high-resolution depth textures.

From our experimental results, the CDLLC approach better handles the noise present in the

depth map and has slightly better performance regarding the RMSE measurement, while the EG

method performs better in terms of percent of error in the depth map as well as the visual result.

However, the EG method requires significantly more computation compared to CDLLC.

3.2 Related Work

Single Image Super-Resolution. Image super-resolution is one of the most active research topics

in the field of image processing. Among them, single image super-resolution has been widely
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studied. For instance, the example-based approach is one of the most popular methods for single

image super-resolution [40, 128, 149]. In [18], locally linear embedding is applied, in which a

training dataset including low-resolution and high-resolution image pairs is collected. For each

patch in the input low-resolution image, similar patches from the training dataset are searched and

the corresponding high-resolution patches are then used to reconstruct the high-resolution output.

In [40], image super-resolution is formulated as a Markov Random Field labeling problem, with

each hidden node representing the label of a high-resolution patch. However, since each image

patch is directly obtained externally, the reconstruction is highly reliant on the similarity between

the input and the patches in the dataset, and is highly biased towards examples in the dataset. This

method could also result in blur or discontinuity artifacts.

Recently, several dictionary learning-based methods have been shown to outperform the clas-

sical example-based approach [17, 42, 68, 139, 152, 153, 158]. In [17], high-resolution and low-

resolution patches are reconstructed as sparse linear combinations of learned coupled dictionary

atoms based on the assumption that low-resolution and high-resolution patches should share the

same reconstruction coefficients. In [158], the work of [153] is extended by using a K-SVD dic-

tionary training procedure, which achieves significantly better results. The work of [139] and [68]

relax the fully-coupled constraint and learn a mapping through low-resolution and high-resolution

image pairs. However, blurry and ringing effects near the edges exist in their SR results. In [152], it

is proposed to split the feature space into subspaces and learn a low-resolution and high-resolution

mapping in each subspace. The work of [154] presents a novel self-learning super-resolution ap-

proach, in which support vector regression is explored with sparse representation. Without the

collection of low-resolution and high-resolution training images nor the prior information of self-

similarity, a SVR model is learned by minimizing an error function to produce the high-resolution

reconstruction. In [31], a deep learning method based on the convolutional network for single im-

age super-resolution is proposed (SRCNN), in which the mapping between the low-resolution and

high-resolution images is learned. However, sometimes it is difficult to learn this mapping, which

is many to one, yielding reconstruction problems such as blurry or ringing artifacts.

Self-similarity has also been explored for image super-resolution. These methods are based on
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the fractal nature of images [164], which suggests that patches of a natural image recur within and

across scales of the same image. The work of [46] proposes to search for similar image patches

across multiple downscaled versions of the image with no need to collect training image data

beforehand. More recently, in [55], it has been proposed to expand the internal patch search space

by allowing geometric variations (SRF).

In addition to patch synthesis based approaches, edge or texture-based methods have been

proposed. In [123], a gradient profile prior is proposed to improve color image super-resolution.

In [125], a multi-scale edge representation is introduced to direct the color image super-resolution,

combined with a tensor voting strategy. In [50], to overcome the problems of the direct patch

synthesis, texture recognition is used to aid image upsampling. However, these works still generate

blurry artifacts at the edges and are not suitable for the depth image super-resolution scenario.

Depth Super-Resolution with Multiple Images. Traditional depth super-resolution methods

are focused on fusing multiple low-resolution depth maps to get a high-resolution depth image [28,

58, 107, 113, 116]. The multiple frames can provide complementary spatial-temporal information

and help fill in missing or noisy parts of each single image [78,120], making the upsampling result

more robust and reliable. For example, the Lidarboost approach [116] combines multiple range

images in an optimization framework with data fidelity and geometry prior to produce a high-

resolution depth map. The Kinect Fusion algorithm [58] generates superior 3D reconstruction

results by registering a sequence of overlapped depth maps captured by a Kinect camera. In [28],

based on a probabilistic alignment algorithm, high quality 3D shapes could be achieved by fusing

multiple low-resolution and noisy scans. However, despite the good results obtained by these

methods, they heavily rely on the assumption that multiple static range images are available with

small camera movement, which may not be true for many practical applications. Moreover, the

quality of the super-resolution result is also sensitive to the camera pose estimation errors.

Color Assisted Depth Super-Resolution. It also has been proposed to use a pre-aligned high-

resolution color image to help upscale the depth map since the high frequency components in

color images such as edges can be utilized to assist the depth pixel prediction. For instance, in

[37, 73, 84, 85, 155], joint color and depth upsampling approaches are proposed based on the edge
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information from the high-resolution color image. In [103], a nonlocal means filter (NLM) is

used to regularize the depth image in order to maintain the detailed structure. In [24], a region

segmentation-based method is proposed to tackle the texture-transfer and depth-bleeding artifacts.

In [37], an anisotropic diffusion tensor, calculated from a high-resolution intensity image, is used to

guide the depth image upsampling (TGVL2). However, notwithstanding the appealing results that

such approaches could generate, in many cases, the high-resolution color image fully registered

with the depth image may not be always available, which makes the color assisted approaches less

general.

Single Depth Image Super-Resolution. Single depth image super-resolution offers unique

challenges compared to color image super-resolution (e.g., edge-preserving denoising should also

be properly tackled). The work of [88] and [30] extends [40] to the depth domain by using a

patch-based MRF model (PB). The method proposed in [54] searches for high-resolution patches

by identifying self-similar 3D patch correspondences via a rigid body transformation. In [81], the

patchwork assembly framework in [88] extends by adding geometric constraints from self-similar

structures. Although they get promising super-resolution performances, there is no guarantee that

patch redundancy always exists within or across image scales. This is especially the case for the

depth image, which has a starting low resolution and contains less unique texture patterns. Thus,

it reduces the generality of the depth super-resolution framework.

Techniques based on dictionary and sparse representation of depth images have been applied

for depth restoration such as de-noising and inpainting [89, 130, 131]. In [130], sparse priors are

learned from the data corrupted with spatially varying noise. The reconstructed clean depth map

can then be inferred by the learned sparse priors. In [89], the framework of learning the sparse

representation is applied to fill missing data in the 3D surface. The work of [131] extends this

method for joint intensity and depth estimation based on the sparse dictionary learning algorithm.

However, notwithstanding the demonstrated success of dictionary learning based approaches,

existing methods still have some problems especially in the case of depth super-resolution. Since

in depth images, which are relatively textureless, the mapping between high-resolution and low-

resolution patches tends to be many to one. Therefore, basis learning methods may suffer from
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over-fitting, which causes similar low-resolution patches to produce very different high-resolution

counterparts. Also, it is not feasible to represent this one-to-many relationship via a simple map-

ping function since it will cause the fundamental ambiguity that the learned bases with least errors

to represent the low-resolution patch may not always produce the best reconstruction result for

the high-resolution patch in the testing phase. In 3D applications, the resultant artifacts visually

become more severe since human eyes are sensitive to 3D noise.

Depth Image De-noising. Another existing problem in depth super-resolution is depth de-

noising. According to previous works [39, 80], the noise contained in depth images—such as

fluctuating pixel values at the depth discontinuity and random noise with the variance depending on

the intensity and distance—can be characterized as boundary noise. Therefore, directly upsampling

depth images will magnify the noise, producing artifacts along edges. There are many previous

works on depth image de-noising such as [41, 56]. For the purpose of super-resolution, in order

to preserve depth edges, a bilateral filter is utilized in the pre-processing step for noise reduction

in [88]. However, from our observations, not only the noise, but also the jagged artifacts around

depth discontinuities caused by inaccurate sampling and heavy quantization of the disparity in the

original low-resolution image are magnified. In our work, we will deal with all the noise or artifacts

that are mentioned above during the depth super-resolution process.

Edge Aware Image Smoothing. In recent years, methods have been proposed for edge-aware

image smoothing, which can effectively sharpen major edges by increasing the steepness of tran-

sitions while eliminating a manageable degree of low-amplitude structures [4,27,34,35,102,151].

In [151], an L0 gradient constraint is used to approximate the image structure. In [27,34], geodesic

and diffusion distances are introduced to describe the color difference in the smoothing process.

In [4, 102], a local Laplacian filter is utilized to address the halo artifacts in manipulating im-

age multi-scale details. Although these methods are mainly used for image editing and abstrac-

tion, we have found that they are particularly suitable for edge-preserving depth image de-noising.

Although performing edge-preserving smoothing could heavily smooth regions with texture, the

depth image usually contains less texture information. Thus, it will remove noise such as ringing

or blurry artifacts around edges in the depth image, but not degrade its quality much.
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As an introduction, in our first method, we follow the dictionary learning-based approach but

add a local constraint into the coupled dictionary learning process which better preserves the man-

ifold assumption and prevents the dictionary from over-fitting. Besides, we propose to jointly

reconstruct and smooth the high-resolution image using an L0 gradient smoothing constraint. We

also apply an adaptively regularized Shock filter to tackle the depth image jagged noise while

simultaneously reducing noise and sharpening edges.

In the second approach, we utilize the joint bilateral filtering idea, but instead of using a pre-

aligned high-resolution color image, we estimate a high-resolution edge map and use the recon-

structed edge map to guide the upsampling of the depth image.

We show that our approaches lead to better results compared to previously reported methods.

[143–146].

3.3 Single Depth Image Super-Resolution and De-noising via Coupled Dictionary Learning
with Local Constraints and Adaptive Shock Filtering (CDLLC)

In the following discussion, we denote upsampling the image by g × g as upscaling by a factor of

g. We denote S = [Sl, Sh] as the input low-resolution image and its synthesized high-resolution

counterpart. We denote xi = [xli,x
h
i ] as the paired feature vector of the ith patch in Sl and Sh. We

will further discuss the extracted features in Section 3.3.6. D = [Dl,Dh] is the coupled dictionary

that contains N atoms. Dk is the kth atom in the learned coupled dictionary (k = 1, 2, . . . , N).

ci is the coefficient vector with length N , containing the weights of each dictionary atom for

synthesizing xi.

3.3.1 Coupled Dictionary Learning Based on Locality Coordinate Coding (LCC)

In this part, we propose a coupled dictionary learning approach with a locality constraint for depth

image super-resolution. Our algorithm is patch-based in which we treat training and testing images

as overlapping patches with the same size (m × n after upscaling). We synthesize the patches as

sparse linear combinations of the learned dictionary bases. The most important issue is to find

the effective dictionary bases for the patch prediction. Generally, in the depth maps, which are
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simpler than natural images in terms of texture, it is easier to reconstruct patches as combinations

of several representative geometry priors. However, it also leads to the proneness of dictionary

over-fitting: similar low-resolution patches represented by the learned dictionary bases with the

least error may produce significantly different high–resolution patches during the testing phase.

Therefore, inspired by the sparsity and the nature of Local Coordinate Coding (LCC) [156], we

could benefit the dictionary learning with a locality constraint to alleviate this problem. Although

it was proposed in [133] to approximate the locality constraint in image super-resolution by using

a fast implementation called Locality Linear Coding, it has been proved [161] that this online

incremental codebook learning algorithm has a performance close to K-Means, and the sparsity

cannot be fully utilized especially in the depth image super-resolution scenario.

3.3.2 Coupled Dictionary Learning for Image Super-resolution

To learn the relationship between paired high-resolution and low-resolution data, in the sparse cod-

ing scheme [153], it is proposed to learn a coupled dictionary and reconstruct the high-resolution

patches by minimizing the objective function with a sparse regularizer:

min
D,c

∑
i

(‖xi −D · ci‖2 + λ
∑
j

‖ci,j‖1) (3.1)

where λ is a weighting constant, and ci,j is the jth component of coefficient vector ci. In the above

equation, the first term is to minimize the error of dictionary approximation. The second term is a

sparsity regularizer.

In the reconstruction stage, given the input low-resolution patch feature x, its coefficients of

the dictionary basis ci are computed by

min
ci
‖xli −Dl · ci‖2 + λ‖ci‖1. (3.2)

Under the assumption of common sparse representation between the low-resolution and high-

resolution patches, we can reconstruct xhi as
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xhi = Dh · ci. (3.3)

3.3.3 Proposed Coupled Dictionary Learning with LCC (DLLCC)

The introduction of a coupled dictionary is to learn the relationship between paired high-resolution

and low-resolution data under the assumption that pairing patches should have common sparse

representation. The motivation of LCC is to find the dictionary bases without violating the locality

constraint. Our coupled dictionary learning with LCC can be written as:

min
D,c

∑
i

(‖xi −D · ci‖2 + λ
∑
j

‖Dj − xi‖2‖ci,j‖1). (3.4)

In Eqn. 3.4, the second term constrains the dictionary atoms with non-zero coefficients to be

similar with the input patch. Since the linear combination of dictionary atoms is based on the

assumption that small image patches form manifolds with similar local geometries in the feature

space [156], the second term better preserves the manifold assumption and keeps the locality con-

straint. More importantly, with the locality constraint, for each low-resolution patch, only the

dictionary bases which are more similar to it are selected, effectively preventing the dictionary

from over-fitting. The detail of the non-convex optimization is shown in Section 3.3.6.

3.3.4 Joint Reconstruction based on L0 Constraint (JRL0)

In the reconstruction stage, we jointly reconstruct and smooth the high-resolution patches without

losing the edge structural information by optimizing the following energy function as

min
c,Sh

∑
i

(‖xli−Dl ·ci‖2+λ
∑
j

‖Dl
j−xli‖2‖ci,j‖1)+w‖Sh−Ri

⊕
B(Dh

i ·ci)‖2+ϕ‖5Sh‖0 (3.5)

where B is an operator that transfers the patch from the feature space to the intensity space as

defined in the next section. Ri is the operator that puts together the high-resolution intensity patches

B(Dh
i · ci) into a full-resolution image (by averaging the pixel values in the overlapped regions
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between patches). Ri

⊕
B(∗) means that we first convert the high-resolution patches in the feature

space to the intensity space and then put those patches together to get a full-resolution depth image.

λ, w and ϕ are constant weights.

We add the L0 norm gradient term to jointly smooth and reconstruct the depth image with

sharp edges. The L0 gradient constraint helps assemble the smoothed latent high-resolution image

and get the optimal coefficients during the reconstruction. As a result, it alleviates the reconstruc-

tion error caused by the one-to-many mapping and also makes the reconstruction more robust to

noise. The joint reconstruction and L0 smoothing result is shown in Figure 3.1a to 3.1d. From

the result, we can see that the ringing artifacts along the edge are reduced after joint smoothing

and reconstruction. It should be noted that since L0 smoothing trades off detail-flattening with

sharp edge preservation, directly applying L0 smoothing on images might produce flattening ar-

tifacts in regions with gradually changing intensity. However, in our approach, instead, the L0

smoothing is used as a constraint to get the optimal coefficients, which makes the reconstruction

less vulnerable to noise and not affected by the flattening effects. We will discuss the details about

optimizing the non-convex function of Eqn. 3.5 in Section 3.3.6. In our approach, we choose

L0 gradient smoothing instead of other edge-aware smoothing methods because our purpose is to

demonstrate that joint edge-preserving smoothing and high-resolution image reconstruction im-

prove the super-resolution and de-noising results for depth images. Our joint framework can also

flexibly incorporate other state-of-the-art edge-aware smoothing methods such as geodesic based

smoothing and local Laplacian filters [27] [102].

3.3.5 Edge Denoising based on an Adaptive Shock Filter (ASF)

As stated before, human eyes are more sensitive to noise in 3D. Moreover, the depth maps captured

by TOF cameras or even expensive laser scanners may still produce jagged edges along depth

discontinuities due to quantization or measurement errors (Figure 3.2b). If we directly apply the

algorithm that we discussed before to a raw depth image, those jagged artifacts will be magnified

(Figure 3.2c) and are often unacceptable in 3D.

In our algorithm, we incorporate a smoothing Shock filter as pre-processing to remove the
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Figure 3.1: Results of using L0 gradient constraint. (a) Depth image sample. (b) Visual

result without using L0 gradient constraint for reconstruction. (c) Visual result using L0 gradient

constraint for reconstruction. (d) Top: line1 samples in (a); Bottom: line2 samples in (a). (Best

viewed in color.)

artifacts around edges. A Shock filter is a morphological method to iteratively enhance image

edges based on partial differential equations [98,126,135]. It is widely used in image denoising and

deblurring [23, 126, 135]. Compared to other edge preserving methods such as the bilateral filter,

the Shock filter also has the advantage of keeping edges non-oscillatory, which can effectively

remove the jagged noise in our scenario. It should be noted that the Shock filter sometimes may

degrade the contrast of image texture. However, in the application of denoising the depth image,

which does not have much texture information, this distortion is not serious. In our approach, we

use the regularized Shock filter similar to [45], which not only enhances edges anisotropically, but

smooths out noise as well:

St = − 2

π
arctan(a · Im(

S

θ
)) |∇S|+ αSηη + β � Sξξ (3.6)

where a, θ and α are tuning constants and β is adaptively adjusted for each pixel, which will be
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explained in Eqn. 3.7. � is the element-wise multiplication operator. S is the original image going

through the complex diffusion process. Im stands for the imaginary operator. Sηη and Sξξ stand

for diffusion in the normal and tangent direction. St is the evolution of image S at iteration t. The

first part is the basic Shock term for edge enhancement and the latter two terms are regularizers

for noise removal, in which α and β control the smoothed diffusion in the gradient and tangent

direction respectively.

In our approach, we modify the above equation by adaptively changing the weights of the

diffusion terms. Since we want to preserve the edge as much as possible, we therefore minimize

the impact of the diffusion in the gradient direction by setting its weight (α) to be very small (α =

0.01 in our algorithm). Smoothing in the tangent direction can effectively alleviate jagged noise but

as we do not want to over-smooth other regions, the value of β is adaptively adjusted as follows:

βi,j =

3K, if S(i, j) ∈ jagged region without corner region;

K, otherwise.
(3.7)

The jagged region is defined as follows: we first adaptively subdivide the depth image using a

quadtree structure. Each non-leaf node of the quadtree has four children that subdivide the space

into four quadrants based on pixel value differences. The larger pixel value difference, the more

sub-nodes will be produced. The division is terminated until the size of the leaf node is less

than s by s. As a result, the maximum subdivision occurs along the edges. We take the region

containing nodes generated in the last two subdivisions with the smallest and second smallest size

([s, s] and [2s, 2s]) as the potential jagged region, as shown in red in Figure 3.3a. Since corners

should not be over-smoothed, we exclude the corner regions from the extracted jagged regions

using Harris corner detection (result of excluding corners is shown in blue in 3.3a). It should be

noted that we can also use an edge detection algorithm to extract the jagged region. However, from

experiments we found that the filtering result after the quadtree subdivision is more consistent than

that of edge detection algorithms because the quadtree subdivision considers homogeneous regions

instead of single pixels. After Shock filtering, the smooth parts are de-noised while the edges are

enhanced (Figure 3.2e). It should be noted that in the experiments, we set α and β small so that
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(a) (b) (c) (d) (e)

Figure 3.2: Jagged artifacts and Shock filter result. (a) Original low-resolution image. (b)

A patch from (a). (c) The same patch from the high-resolution image directly reconstructed by

DLLCC. (d) Using bilateral filter in the pre-processing and (e) Using Shock filter in the pre-

processing.

the smooth parts will not be over smoothed. In Figure 3.3b, we extract two lines (red and green)

in two directions and plot the corresponding pixel values variations in Figure 3.3c. From it, we

can see that the Shock filter can effectively smooth the jagged edges while well preserve the image

structure. Simply using the bilateral filter, however, cannot remove the jagged edge artifacts as

shown in Figure 3.2d.

3.3.6 Implementation Details of CDLLC

The complete algorithm we propose for depth image super-resolution is summarized as follows:

Given an input low-resolution depth image, we want to upscale it by g.

A. Pre-Processing

We first apply an iterative bilateral filter (with window size 21×21, and σd = 3, σintensity = 15),

to fill up holes in the low-resolution depth image. Then, we perform the regularized Shock filter

to remove the jagged edge artifacts and noise in the depth image. We further upscale the filtered

result using bilinear interpolation to produce a pre-processed image Sm to the destination size, as

the low-frequency component of Sh.
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Figure 3.3: Results of using Shock filter. (a) Quadtree subdivision. (b) Pixel values along two

lines are sampled. (c) Top: red line samples in (b). Bottom: green line samples in (b). (Best viewed

in color.)
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B. Coupled Dictionary Learning Optimization

The feature extraction process is employed on the full image. Similar to [153], we compute

the 1st and 2nd-order derivatives of Sm as the features of the low-resolution image Sl (four filter

responses considering the derivatives in both the horizontal and vertical directions). The features

of high-resolution image Sh are extracted by removing its low frequency component Sm. Feature

patches x are then extracted. Reversely, operator B (an operator that transfers the patch from the

feature space to the intensity range) in Eqn. 3.5 is defined as:

yh = B(xh) = xh + ym (3.8)

where y = [yl,yh] is denoted as the paired high-resolution and low-resolution image patches and

ym as the low-frequency patches.

Therefore, the dimensions of patch xli and xhi are 4mn and mn, respectively. The dimension

of dictionary Dl and Dh is N × 4mn and N × mn, respectively. N is the number of atoms in

dictionary D, and [m,n] is the patch dimension.

We then learn a coupled dictionary with the locality constraint by minimizing Eqn. 3.4. Since

Eqn. 3.4 is non-convex, we iteratively update D and c until it converges. The process is summa-

rized in Algorithm 1.

C. Super-Resolution Reconstruction

Once the coupled dictionary is learned, in testing, we extract the features of the low-resolution

patches in the same way (by upscaling it to the same size with the high-resolution image using

bilinear interpolation) as discussed above.

To simultaneously find the optimal coefficients ci and Sh, we modify the cost function of Eqn.

3.5 by introducing an auxiliary variable hi as:

min
c,Sh

∑
i

(‖xli−Dl·ci‖2+λ
∑
j

‖Dl
j−xli‖2‖ci,j‖1)+w·‖hi−B(Dh·ci)‖2)+w·‖Sh−Ri(hi)‖2+ϕ‖5Sh‖0.

(3.9)
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By splitting Eqn. 3.9 into two new defined functions as follows, we update Sh, h and c in Eqn.

3.9 in an alternating scheme (Algorithm 2):

f(hi, c) =
∑
i

‖xli −Dl · ci‖2 + λ
∑
j

‖Dl
j − xli‖2‖ci,j‖1) + w · ‖hi −B(Dh · ci)‖2, (3.10)

g(hi,S
h) = w · ‖Sh −Ri(hi)‖2 + ϕ‖5Sh‖0. (3.11)

Algorithm 1: Learning a coupled dictionary with LCC
Input: Coupled low resolution and high resolution patch x (in the feature space)

Output: Learned coupled dictionary D with size of (4mn+mn)N

Initialization:

Randomly choose N patches and assign to D1 to DN .

for t← 1 to T do
Update c :

Fix D, minimize Eqn. 3.4 by solving a Lasso problem for each ci:

c∗i = Ω−1i · arg min
αi

(‖xi − D(Ω−1i αi)‖2 + λ‖αi‖1) (3.12)

where c∗i is the optimal value of ci, Ωi = diag(‖D− xi‖2) and αi = Ωi · ci
Update D :

Fix c, minimize Eqn. 3.4 using gradient descent to get the optimal D.

end

Return D

Optimization. We use a linear regression with L0 norm regularization to approximate Eqn.

3.14 and use the Orthogonal Matching Pursuit (OMP) algorithm [132] to compute the optimal

coefficients. It has been shown that L0 minimization based on OMP on the entire image performs

generally faster than L1 minimization [132] for each patch. We have also tried the L1 optimization

for Eqn. 3.14. However, despite the fact that OMP is greedy and suboptimal, we notice the
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Algorithm 2: Computing the optimal HR image Sh

Input: Learned coupled dictionary D with size of (4mn+mn)N

Output: High resolution image Sh

Initialization:

Minimize Eqn. 3.2 to get the optimal coefficients c0
i and compute the initial reconstructed

h0
i from Eqn. 3.3 as h0

i = B(Dh · c0
i ).

for t← 1 to T do
Update Shi :

Sh = min
Sh

g(Sh, Ri(h
t−1
i )); (Smoothing) (3.13)

ht ← Sh;

Update ct :

ct = min
c
f(c,ht−1i ); (Reconstruction) (3.14)

hti ← B(Dh
i · cti);

end

Return Sh
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Figure 3.4: Error convergence of our joint smoothing and reconstruction method.

difference in the results is very small (in the order of about 1% to 2% better for L1 optimization in

terms of Root Mean Square Error (RMSE) comparison).

For Eqn. 3.13, we use the L0 optimizer mentioned in [151] to solve the L0 gradient constrained

optimization. Figure 3.4 shows the convergence reaching to a local minimum of the alternating

joint reconstruction and smoothing algorithm. From it, we can see that this algorithm quickly

converges in about 6 to 7 iterations.

3.4 Edge-Guided Single Depth Image Super-Resolution (EG)

In this section, we propose a novel framework for single depth image super-resolution guided by

a reconstructed high-resolution edge map. The algorithm is motivated by the color–assisted, joint

up-sampling approaches, in which the high-resolution color image provides edge guidance so that

pixels in a local region with different depth values can be weighted differently in the upsampling

process. Compared to the exemplar or learning-based super-resolution methods, the guidance of
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S

S

Figure 3.5: Overview of the proposed method. Given an input low resolution depth image, we

first extract edges from it (blue). Along with an external (cyan) or internal (from self similarity,

(megenta)) dataset including high resolution and low resolution edges patch pairs, we can infer a

high resolution edge map via an MRF framework (red). Guided by the constructed high resolu-

tion edge map, depth values are interpolated via a modified joint bilateral filter to obtain a high

resolution depth image (green).

high-resolution edges can alleviate artifacts such as blurring or ringing around edges, which are

generated by direct depth value prediction. Furthermore, the constructed high-resolution edge

map is smoothed without jagged artifacts, which could be magnified by learning-based methods.

Thus, guided by the edge map, the high-resolution depth image will contain sharp and smooth

edges (along the boundary). An overview of our proposed method is shown in Figure 3.5. In

our proposed framework, we first extract edges from the low-resolution depth image. We then

infer a high-resolution edge map based on MRF using either an external dataset or an internal

(from self-similarity) patch collection composed by high-resolution and low-resolution edge patch

pairs. Finally, guided by the constructed high-resolution edge map, high-resolution depth values

are interpolated via a modified joint bilateral filter.
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3.4.1 Learning a High-Resolution Edge Map from Low-Resolution Edges

Given the low-resolution depth image Sl, we first apply bicubic interpolation to upscale Sl to the

same resolution of Sh and then extract edges using the Canny edge detector to obtain an edge

map Er. We find that the Canny edge detector is robust in our application. To ensure that most

of the depth discontinuities can be found, we intentionally set the threshold of the detector low,

so that more edges could be extracted. We also tried higher level contour detection algorithms

such as gPb [100], but we obtained very similar results. This is due to the fact that the depth

image has relatively less texture compared with color images; thus, edges extracted from different

algorithms do not differ much. From Figure 3.6b, we can see that the edges extracted from the

bicubic interpolated depth is not smooth and contains jagged edges, which will yield significant

artifacts when used to guide the depth image interpolation. To have a higher quality high-resolution

edge map, we apply a Shock filter [45] as a post-processing step on the bicubic interpolated depth

map before edge detection. And as a result, edges are regularized to be straight, which is defined as

Es. However, the regularized edge map still contains wavy pattern artifacts around edges (Figure

3.6c). Therefore, together with Er and prior knowledge from an external training dataset, we will

refine Es into a smooth high-resolution edge map Eh described in the following.

Given a jagged edge map Er and the smoothed edge map Es, we construct Eh via a Markov

Random Field (MRF) framework in a patch-based manner: for each edge pixel pi in Er, we extract

patches with the size of w by w pixels in Er and Es, which are centered at pi, and we denote the

patches as xri and xsi , respectively. To reduce the computation time (i.e., reduce the graph size), we

only extract patches with a small overlap area with each other (i.e., less than 1/5 of the patch area).

We denote X = {xr,xs} as a collection of stacked patches xr and xs. In the external dataset we

obtain w × w (jagged and not smooth) edge patches yri from the given low-resolution images and

the smooth edge patches ysi from the given high-resolution images. In addition, we also add the

rotated patches of yri and ysi into the dataset in order to make the patch data more complete. We

denote Y = {yr,ys}, containing a collection of stacked patches yr and ys.

The basic idea of MRF is to obtain high-resolution edge patches from the external dataset under
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some likelihood and coherence constraints. Instead of directly obtaining depth intensity patches,

our intuition is based on the fact that binary edge patterns are much simpler than intensity patterns

especially in depth images, leading to a smaller searching dimension. Thus, it could give better

matches for the edge patch, making the reconstruction less biased to the dataset. In our Markov

grid model, each Xi forms the node, and the hidden label corresponds to an edge patch Yi from the

dataset.

More formally, for each patch i ∈ X , we specify a variable li denoting the indices {1, . . . , N}

of the N candidate patches in the dataset Y . Let l = {li|i ∈ X}. We specify our model in terms of

an energy function:

f(l) =
∑
i∈X

ϕri (li) +
∑
i∈X

ϕsi (li) +
∑

xr
i∩x

r
j 6=∅

ψ(li, lj), (3.15)

with unary potentials ϕ(·) and pairwise potentials ψ(·), which are applied on overlapped patches.

Unary Potentials: The first unary potential ϕri (li) encodes the likelihood of the similarity

between the edge patch in xr and the candidate edge patches in yr in terms of the Euclidean

difference of their corresponding distance transforms:

ϕri (li) = wr‖d(xri )− d(yrli))‖
2, (3.16)

where d(·) stands for the distance transform [36] of the edge patch. Distance transform is used

to compare binary feature maps, which are not fully aligned. Thus, the introduction of distance

transform results in a better similarity measurement of the binary patterns.

The second unary potential ϕsi (li) measures the similarity between the smoothed low resolution

edge patch and high resolution edge patch in the dataset. In addition to ϕri (li), the purpose of this

term is to ensure that the high resolution edge patch candidates should have consistent similarity

measurement both in terms of the corresponded original and the smoothed edge pattern:

ϕsi (li) = ws‖xsi − ysli‖
2. (3.17)
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Pairwise Potentials: The smoothness term ψ(li, lj) enforces coherence in the overlapping

regions between the neighboring edge patch candidates, where Oij(·) is an overlap operator that

extracts the region of overlap between the distance transform of patch ysli and yslj :

ψ(li, lj) = wp‖Oij(d(ysli))−Oij(d(yslj))‖
2. (3.18)

i In equations defined above, wr, ws and wp are nonnegative parameters chosen by experiments.

(For more details, please refer to “Parameter Setting” in Section 3.5)

Optimization: For each low resolution patch Xi = {xri ,xsi}, we first find its closest N candi-

date patches in Y = {yri ,ysi} using k nearest neighbor searching method, namely, with k-d tree to

reduce searching complexity. We use the Euclidean distance defined in Eqn. 3.19 searching for the

nearest neighbors:

dist(i, j) = ‖d(xri )− d(yrj)‖. (3.19)

We obtain a minimizer of the corresponding Gibbs energy in Eqn. 3.15 to get the optimal

patch in the N candidate patches using TRW-S [72]. As a result, for each edge patch Xi , its

discrete label li which corresponds to a high resolution edge patch in Y can be inferred. Finally,

ysli are put together by averaging pixel values in the overlapped region to form a “likelihood” edge

map (normalized to the range of [0, 1]). To obtain the binary edge map Eh, we first perform non-

maximum suppression on the likelihood edge map and then threshold the result to a binary edge

map as show in Figure 3.6d. From the figure, we can see that in our result, the edges are smoothed

(straight in the zoomed-in region) without jaggy or wavy artifacts.

3.4.2 Exploring Patch Self-similarity

Our framework can be extended to the case where an external training dataset is not available, by

finding similar patches across different scales.

Given the input low-resolution depth image Sl, we first further downsample Sl with a scaling

factor of 1/g to obtain St. After applying bicubic interpolation to upsample Sl and St to the target
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(a) (c)

(b) (d)

Figure 3.6: Constructed edge map with an upscale factor of 4. Zoomed in results of (a) The

ground truth edges. (b) Edges of the bicubic upsampled depth. (c) Edges of the bicubic upsampled

depth after using Shock filter. (d) Edges of our result.

resolution, we extract edges from the upsampled depth maps to obtain edge maps, denoted as Er

and Et, respectively. We directly obtain the w by w (jagged and not smooth) edge patches zri from

Et and the the smooth edge patches zsi from Er. We also add the rotation variations to zri and zsi by

sampling every 45◦ out of 180◦ (since most of the edge patches are symmetric). The self-similarity

patch pairs are denoted as Z = {zri , zsi}, which contains a collection of stacked patches extracted

from the same image across different scales. With X and Z , we follow the same MRF framework

to infer Eh by replacing Y with Z from Eqn. 3.15 to Eqn. 3.18. It should be noted that instead

of constructing an internal patch collection Z , one can also use PatchMatch [7] to alternatively get

the N candidates for inference, as the self-similarity of the patches can be fully explored according

to the image structure. The patch match cost is defined the same as in Eqn. 3.19. An illustration of

the self-similarity patch match framework is shown in Figure 3.7.

Unlike previous super-resolution methods such as [54, 123], which are also based on self-

similarity, we find the self-similar edge patches instead of texture patches. Our motivation of

searching for self-similarity for edges is twofold: 1) Edges have higher recurrence in the image

across different scales. 2) Compared with color images, depth images contain fewer unique texture
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Figure 3.7: Overview of the Self-similarity Patch Match Framework. (1) We first extract low-

res and high-res edge patch pairs from Er and Et, a downsampled edge map from Er. (2) After

traversing through the the entire image, we can obtain an internal edge patch pair collection Z .

(3) 3a: For each edge patch in Er, we search for the matching edge patch pair candidates from

the internal collection. 3b: Alternatively, the corresponding edge patch pair candidates can be

also obtained directly from PatchMatch. Then the inference of the best match edge patch pairs is

carried out via the MRF framework. (4) The high-res edge patch is obtained from the associated

high-res patch (4a: from the internal patch collection, 4b: from the corresponding patch in the

current low-res image Er).
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(a) (b) (c)

Figure 3.8: Comparison of predicted edges with self-similarity and with external dataset by a

scaling factor of 3. (a) High resolution depth map. (b) Edges constructed based on self-similarity.

(c) Edges constructed based on an external dataset.

patterns, meaning texture pattern redundancy is much less than that in natural images. A compari-

son of the constructed high-resolution edge map between using self-similarity and using an external

dataset is shown in Figure 3.8. From it, we can see that the edges predicted from self-similarity are

a bit noiser than those from an external training dataset. Although exploring self-similarity has the

merit of learning local features from the current image, in our scenario, however, we are learning

the depth edges, which are different from image texture patterns. More data in the external training

set give larger potential to find edge patch correspondences. It also explains why the approach with

external datasets has better performance than that with self-similarity.

3.4.3 Edge Assisted Depth Interpolation

Once the high-resolution edge map Eh is constructed either externally or internally, the high-

resolution depth image Sh can be interpolated via a modified joint bilateral filter. For each pixel p

in the target high-resolution depth image, we have:

Sh(p) =
1

kp

∑
p⊆N(p)

Sl(q↓) · fs(‖p↓ − q↓‖) · fr(Eh, p, q), (3.20)

whereN(p) is an s by s supporting window centered at pixel p. p↓ and q↓ denote the corresponding

pixel location in the low resolution depth image. Note that p↓ and q↓ take only integer coordinates
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in the low resolution image. fs(·) is a zero mean spatial Gaussian kernel with a standard deviation

σd. kp is a normalizing factor.

The range kernel fr(·) is a binary indicator defined as

fr(E, u, v) =

1, if u and v are at the same side of E,

0, otherwise.
. (3.21)

During the interpolation process, the Gaussian kernel also smooths the depth values. Mean-

while, with the guidance provided by the high-resolution edge map, only pixels at the same side of

the edge will be considered during averaging so that edges can be well preserved.

3.4.4 Graph-Based Edge Separation

To determine whether two pixels p and q are at the same side of the edge, we first dilate the patch

to its 4-connected neighbors. The dilation result is denoted as T. Therefore, if pixel i is on or next

to the edge, T(pi) = M , where M is a constant, otherwise, T(pi) = 0.

Then we construct a graph G so that each node Ni corresponds to a pixel pi in T and the edge

E is formed by connecting the 8-connected neighbors of each nodeNi. The edge weighting w(i, j)

between neighboring pixel pi and qj is determined as:

w(i, j) = ‖pi − pj‖ · (max(T(pi),T(pj)) + 1),∀(i, j) ∈ E . (3.22)

Based on the assigned edge weights, we then compute a path S with shortest geodesic distance

between p and q in G. Our idea is to add more weights on pixels near the edge when we compute

the shortest geodesic path so that the path will not touch the edge as much as possible. We draw

S in the patch by including the 4-connected neighbors around each pixel along the path (except p

and q) and we denote this “dilated” path as S ′. An example of the graph is shown in Figure 3.9a.

We consider two cases for discussion: 1) p is not an edge pixel, 2) p is an edge pixel.

CASE I: p is not an edge pixel. If S ′ covers the edge pixels (cyan pixels), p and q can be

classified as at two sides of the edge, otherwise, p and q are at the same side. It should be noted
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Figure 3.9: (a) Illustration of two pixels at different sides of the edge. (b) Left: A special case

of two pixels mistakenly classifies as at the different sides of the edge because the dilated path

intersects with the edge. Right: Adding more weights near the edge avoids situation in the left

since the shortest geodesic path will choose the path with lower weights. (c) Illustration of the case

that p is on the edge. Left: p and q are at different sides. Right: p and q are at the same side. (d)

Note that simply connecting p and q and checking the number of intersections between the edge

and the line segment from p to q does not work in this case. (Best viewed in color.)

that in some special cases, since we also add 4-connected neighbors along S, p and q could be

mistakenly classified as at opposite sides because S ′ covers the edge pixel as shown in Figure 3.9b

(left). However, because we add more weights on pixels near the edge, the calculated shortest

geodesic path will avoid going through pixels near the edge. As a result, S ′ will not cover the edge

as shown in Figure 3.9b (right).

CASE II: p is on the edge. If p is on the edge, it is ambiguous to decide whether p and q are on

the same side or not. In case that the edge is multiple pixel-wise, we first examine the number of

edge pixels along S ′ in order to reduce the error caused by the thicker edge case. If the number of

edge pixels along S ′ is larger than 1, p and q are classified as at different sides. Otherwise, p and q

are at the same side as shown in Figure 3.9c.

It should be noted that by simply checking if an intersection between the edge and the line

segment between p and q exists, we cannot determine whether p and q are on different sides, as

in some situations shown in Figure 3.9d, in which p and q are at the same side but mistakenly

classified as at different sides.
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Once we determine whether two pixels in the support are at the same side of the edge, the high-

resolution image can be interpolated using Eqn. 3.20. In case that there is no pixel on the same

side of p (i.e., g(Eh, p, q) = 0,∀q ∈ N(p)), which rarely happens, we simply use the corresponded

pixel value from bicubic interpolation as the upsampled value for p.

3.5 Experimental Results

In this section, we evaluate our proposed method (CDLLC, EG with self-similarity and with ex-

ternal dataset) both quantitatively and qualitatively with respect to other state-of-the-art super-

resolution methods. We perform experiments on depth images obtained from multiple sources such

as a TOF camera (PMD Camcube Camera), a laser scanner, and the Middlebury Stereo dataset.

We use the synthesized depth data mentioned in [88] as the training dataset (for both our pro-

posed method and any baseline methods which require training data). It should be noted that the

proposed Edge Guided method does not constrain to use the depth image as the training dataset.

We can generally extract high-resolution and low-resolution edge patches from any natural im-

ages. However, since some of the exemplar-based or learning-based baseline methods need the

depth images as the training data, for fair comparison, we also use the same data for training.

Parameters Setting: We set the same parameters in all of our experiments for different scales

and different images via trial-and-error:

CDLLC: We train a coupled dictionary with size of 1000 for different scales. We select the

patch size as [m,n] = [3g, 3g]. We set the parameters in all of the experiments as a = 0.4,

θ = π/1000, α = 0.01, w = 1, λ = 0.5, ϕ = 0.001 and K = 0.5.

EG: The size of edge patches are w = 21. ws = 5, wp = 10 in Eqn. 3.15. We set the constant

M = 3 for computing the shortest geodesic path. The size of the bilateral filter supporting window

is s = 7 and σd = 0.5. The number of candidate patches is N = 5.

Baseline Methods: We compare our results with the following three categories of methods:.

1) State-of-the-art single depth image super-resolution methods: PB [88] and Self-similarity-based

approach [54]. 2) State-of-the-art general single color image super-resolution approaches, includ-

ing self-similarity-based method SRF [55], CNN-based method SRCNN [31], and sparse repre-
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sentation approaches such as K-SVD [158], SCDL [139] and ScSR [153]. 3) Color-assisted depth

image super-resolution approaches: NLM [103] and TGVL2 [37]. We either use the source code

provided by the authors or implement those methods by ourselves. We also select the parameters

of baseline methods by experiments. More specifically, we use a few sets of parameter settings

for each method (at least one of them is from the default parameters provided by the authors and

the others are chosen by ourselves) and we choose the one that generates the lowest percentage of

errors for all the testing images.

3.5.1 Quantitative Results

In the quantitative comparison section, for the CDLLC method, we also analyze the influence of

coupled Dictionary Learning with LCC (DLLCC), Joint Reconstruction and L0 smoothing (JRL0),

and Adaptive Shock Filtering (ASF) individually in the algorithm.

We first test our algorithms for the laser scanner data [88] with a scaling factor of 4. Since the

method of CDLLC deals with denoising, we also compare our results of CDLLC with the effect

of different edge preserving filters in pre-processing (bilateral filter in our experiment), as well as

with the effect of L0 smoothing in post-processing (Post L0) in order to individually analyze the

influence of Shock filtering and joint reconstruction and smoothing. Comparison of Root Mean

Square Error (RMSE) results for different methods are listed in Table 3.1.

From the result, we can see the CDLLC algorithm outperforms other approaches. Also, ap-

plying Shock filter provides a better RMSE performance compared to results without Shock filter

or with bilateral filter. Moreover, merely using L0 smoothing for post-processing does not help

the super-resolution result. This is because smoothing the image as a post-processing step will

remove some high frequency components in the resultant high-resolution image, thus yielding un-

wanted artifacts such as blur or over-smoothing in regions with gradual intensity changes. Using

L0 smoothing as a constraint during the reconstruction stage gives better performance since the

joint smoothing well constrains the latent image estimation, which alleviates the over-fitting prob-

lem and makes the reconstruction more robust to noise. Besides, the edge-guided method achieves

comparable results to the CDLLC method.
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Table 3.1: RMSE Comparison on the Laser Scanner Data with Different Methods and Edge Preserving

Filters by a factor of 4.

scene 021 scene 030 scene 042

Nearest Neighbor 0.0215 0.016 0.0400

Sparse coding [153] 0.0290 0.0350 0.0540

SCDL [139] 0.0258 0.0245 0.0552

K-SVD based [158] 0.0168 0.0158 0.0380

Mac Aodha et al. [88] 0.0200 0.0170 0.0400

Tsai et al. [133] 0.0165 0.0159 0.0379

Hornáček. et al. [54] 0.0210 0.0180 0.0300

DLLCC 0.0156 0.0157 0.0369

DLLCC+Biltaeral 0.0153 0.0157 0.0377

ASF+DLLCC 0.0152 0.0150 0.0350

ASF+DLLCC+Post L0 0.0168 0.0159 0.0361

CDLLC (ASF + DLLCC + JRL0) 0.0150 0.0144 0.0350

Edge-Guided (EG) 0.0159 0.0153 0.0368
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We also evaluate our results on 15 depth images from the Middlebury Stereo dataset [114,115]

with scaling factors of 2 and 4, respectively. Note that all the depth images in the Middlebury

dataset are converted to disparity range. To create low-resolution images, we smooth and down-

sample the ground truth disparities beforehand. As the evaluation metric, we leverage the Root

Mean Square Error (RMSE) and percent error score (PE), which is calculated as percentage of

pixels for which the absolute difference in disparity exceeds 1. Table 3.2 and 3.3 show the com-

parison of our proposed methods in terms of different scaling factors with respect to the baseline

methods. The marker means that the method does not need any external training dataset nor any

other additional information except the input low-resolution depth image. Note that methods in the

first two rows of the tables are color-assisted depth image super-resolution methods, in which an

additional registered high-resolution color image is also provided. Numbers in bold indicate the

best performance and those with an underline indicate the second best performance.

In Table 3.2, the numerical comparison is carried out with a relatively small scaling factor 2.

The data from D1 to D15 are corresponding to Cones, Teddy, Tsukuba, Venus, Adirondack, ArtL,

Jadeplant, Motorcycle, Piano, Pipes, Playroom, Playtable, Recycle, Shelves and Vintage in the

dataset, respectively. Our proposed Edge Guided methods generate much smaller errors in terms

of the Percent of Error score compared with other methods and are ranked top compared with

other single depth super-resolution methods as well. Moreover, in the proposed approach EG, the

one with an external dataset generates better results compared with the one with self-similarity.

In Table 3.3, the results are based on a larger scaling factor 4. Our proposed methods (EG) again

are ranked the best in terms of the Percent of Error score. It is also interesting that with a larger

scaling factor, our performance difference between the one with an external dataset and the one

with self-similarity becomes smaller. We conclude that it is because with a larger scaling factor, it

is more difficult to find the correct edge patch pairs externally.

In terms of the comparison between our methods CDLLC and EG, we can see that EG achieves

slightly better results for the accuracy evaluation using RMSE when the scaling factor is smaller

but worse RMSE results when the scaling factor is larger when compared to CDLLC. This is

because CDLLC also deals with denoising, which smooths the depth image. However, regarding
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Table 3.2: RMSE and Percent of Error Comparison on the Middlebury Data with Different

Methods by a Scaling Factor of 2.

RMSE x 2 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14 D15

NLM [103] 1.03 0.78 0.61 0.23 1.68 3.05 7.55 2.70 0.89 3.35 2.43 1.49 1.11 1.05 1.07

TGVL2 [37] 0.73 0.57 0.53 0.17 1.10 2.52 6.74 2.32 0.67 2.78 2.03 1.12 0.73 0.86 0.98

ScSR [153] 1.15 0.90 0.64 0.29 1.93 3.43 8.42 2.90 1.32 3.48 2.85 1.82 1.34 2.33 2.22

K-SVD [158] 0.91 0.70 0.51 0.23 1.52 2.69 6.62 2.27 1.07 2.83 2.28 1.42 1.08 1.95 1.87

SRCNN [31] 1.12 0.88 0.64 0.28 1.93 3.38 8.50 2.97 1.64 3.75 3.09 1.87 1.45 3.18 2.86

SRF [55]* 1.15 0.90 0.66 0.29 1.95 3.43 8.52 2.96 1.57 3.57 3.12 1.89 1.44 2.93 2.89

PB [88] 1.18 0.89 0.62 0.30 1.89 3.38 8.42 2.89 1.34 3.46 2.82 1.78 1.30 2.40 2.20

CDLLC 0.85 0.67 0.48 0.21 1.42 2.54 6.57 2.18 0.95 2.73 2.03 1.29 0.95 1.82 1.62

Ours (Self.)* 0.81 0.64 0.47 0.18 1.31 2.42 6.36 2.07 0.74 2.66 1.86 1.21 0.87 1.27 0.92

Ours 0.76 0.63 0.45 0.19 1.26 2.40 6.29 2.03 0.74 2.65 1.82 1.22 0.86 1.31 1.09

PE x 2 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14 D15

NLM [103] 3.26 3.12 2.35 0.44 2.17 4.61 12.81 4.99 2.41 6.80 4.45 3.93 1.73 2.31 2.20

TGVL2 [37] 2.54 2.31 1.79 0.41 1.60 4.18 10.51 4.46 1.64 5.59 3.92 2.96 1.15 1.87 2.21

ScSR [153] 4.43 3.76 3.27 0.71 4.25 10.21 23.69 8.06 3.23 12.03 7.76 5.70 2.65 5.75 2.88

K-SVD [158] 3.97 2.97 2.48 0.59 3.51 8.21 18.44 6.44 2.90 10.67 6.56 4.54 2.31 5.02 2.24

SRCNN [31] 4.99 3.98 2.99 0.71 4.65 11.54 24.45 8.99 4.38 14.61 9.52 6.58 2.94 7.80 3.23

SRF [55]* 4.52 3.88 3.53 0.67 4.13 9.82 22.87 8.17 3.61 12.09 7.91 5.89 2.75 6.93 2.94

PB [88] 4.35 4.13 1.57 0.39 2.31 5.41 19.45 7.29 3.05 9.13 8.47 7.26 2.40 3.43 6.20

CDLLC 3.68 2.99 2.41 0.71 3.00 6.55 15.06 5.52 2.59 9.52 5.66 4.27 1.92 4.19 1.98

Ours (Self.)* 1.96 1.71 1.40 0.38 1.28 2.18 5.73 2.67 1.33 4.11 2.55 2.31 0.97 1.47 0.86

Ours 1.72 1.61 1.27 0.37 1.11 2.01 5.64 2.49 1.17 3.76 2.30 2.08 0.89 1.45 0.81
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Table 3.3: RMSE and Percent of Error Comparison on the Middlebury Data with Different

Methods by a Scaling Factor of 4.

RMSE x 4 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14 D15

NLM [103] 1.52 1.08 0.77 0.29 2.08 4.02 10.16 3.65 1.21 4.75 3.05 2.14 1.42 1.37 1.51

TGVL2 [37] 1.13 0.83 0.71 0.24 1.52 3.48 9.01 3.07 0.93 3.90 2.64 1.49 1.04 1.15 1.42

ScSR [153] 1.45 1.18 0.82 0.38 2.38 4.48 11.09 3.74 1.80 4.85 3.67 2.33 1.68 3.34 3.46

K-SVD [158] 1.15 0.92 0.66 0.30 1.88 3.54 8.73 2.92 1.40 3.94 2.86 1.81 1.35 2.70 2.81

SRCNN [31] 1.41 1.10 0.79 0.34 2.30 4.42 11.28 3.75 2.07 5.08 3.86 2.30 1.70 4.12 3.94

SRF [55]* 1.48 1.23 0.87 0.39 2.46 4.93 11.94 3.99 2.42 5.33 4.34 2.61 1.90 4.74 4.76

PB [88] 1.56 1.26 0.86 0.38 2.54 4.88 11.73 3.81 1.74 5.33 3.85 2.41 1.87 3.18 2.99

CDLLC 1.07 0.85 0.61 0.27 1.76 3.31 8.32 2.77 1.25 3.79 2.60 1.65 1.25 2.48 2.57

Ours (Self.)* 1.24 0.97 0.71 0.29 1.94 3.65 9.60 3.11 1.21 4.30 2.82 1.85 1.35 2.26 2.07

Ours 1.16 0.95 0.67 0.29 1.94 3.67 9.50 3.05 1.15 4.28 2.80 1.82 1.35 2.16 2.29

PE x 4 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14 D15

NLM [103] 7.18 6.27 4.44 0.90 5.46 11.37 27.40 10.31 5.29 15.11 9.91 8.71 4.17 5.10 6.95

TGVL2 [37] 4.34 3.72 3.08 0.60 2.29 6.66 16.96 7.23 2.85 9.11 6.60 4.76 2.01 3.52 5.12

ScSR [153] 9.33 7.79 6.15 1.43 9.64 21.45 38.26 15.82 7.61 27.88 17.00 11.95 5.86 13.56 6.28

K-SVD [158] 6.45 5.17 4.30 1.22 5.55 13.65 28.56 10.33 4.87 18.05 10.57 7.63 3.67 8.49 3.68

SRCNN [31] 8.64 6.92 5.52 1.30 7.92 18.37 33.83 13.85 7.66 23.59 15.40 10.94 4.96 14.27 5.40

SRF [55]* 8.44 7.37 6.20 1.45 7.82 17.03 33.44 15.00 7.85 23.10 15.37 11.32 5.56 15.25 6.05

PB [88] 9.73 8.03 2.52 0.66 6.07 10.95 31.21 14.61 9.17 20.28 17.66 16.41 5.78 9.59 13.80

CDLLC 5.79 4.72 4.15 1.18 4.68 11.12 25.35 8.79 4.34 16.06 9.06 6.67 3.12 7.25 3.22

Ours (Self.)* 3.23 3.13 2.37 0.59 1.79 3.52 10.06 4.66 2.38 6.70 4.71 3.88 1.96 3.08 2.14

Ours 3.09 3.11 2.36 0.54 1.92 3.92 11.47 4.98 2.21 6.98 4.80 3.99 1.92 2.96 2.00
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Table 3.4: Average Processing Time for CDLLC (sec.)

Shock Filtering Iterative Reconstruction Total Time

and Initialization Coeff. Estimation L0 Smoothing

125× 150 Image 3.77 17.1 12.6 35.1

Table 3.5: Average Processing Time for EG (sec.)

Patch NN search MRF-inference MRF-inference Total Time

125× 150 29.89 10.78 20.02 60.69

the percent of error pixels, which is a more common assessment over depth or disparity, the edge-

guided method gives much better performance. Though popular in image restoration literature,

the RMSE metric over disparity is dominated by wrong assignments around boundaries. Thus, a

disparity map with blurry boundaries might generate a better RMSE score than a disparity map

with a few pixels being assigned to a wrong foreground/background disparity value around the

boundary. Therefore, to evaluate the accuracy of disparity estimation, the Percent of Error metric

has been reported as a more fair measurement in stereo-related fields like stereo matching [44].

In terms of Percent of Error metric, the proposed Edge Guided (EG) method with an external

training dataset performs best for all the testing images and is even better than the color-assisted

approaches. It is worth mentioning that in EG, we obtain about a 29% error drop on average

in terms of the percent error score compared to the best performer of the baseline methods for

each scale and each testing image. The proposed Edge-Guided approach with self-similarity also

achieves comparable results in terms of PE.

It is also interesting to see that the state-of-the-art single color image super-resolution methods

such as SRF [55] and SRCNN [31] do not perform well in the depth image domain. For example,
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our proposed methods based on self-similar edge patch match performs much better than that

of SRF [55], which adopts transformed self-exemplars as well. The experimental results also

indicate that the color image super-resolution techniques cannot be simply transferred to the depth

domain as depth image super-resolution offers unique challenges compared to color image super-

resolution.

Complexity. Table 3.4 and 3.5 list the processing time of our proposed algorithms for upscaling

an image to about 450×375 with a scaling factor of 3. The simulations are carried out on MATLAB

using a machine with a dual-core 3.1 GHz Intel i3-2100 CPU, 16.0 GB RAM. In the tables, we can

see that, on average, the processing time of our algorithms is reasonable and the CDLLC method

is significantly faster than the EG method.

3.5.2 Qualitative Results

We evaluate our proposed methods visually from Figure 3.10 to Figure 3.15. Among the figures,

Figure 3.10 to 3.12 show the super-resolution results of the Middlebury data with zoomed cropped

regions. Figure 3.13 shows the result of upscaling the depth from a laser scanner. From the

figures, we can see that our proposed methods also generate more visually appealing results than

the previously reported approaches. Boundaries in our results are generally sharper and smoother

along the edge direction. Our proposed method also well preserves the structure of the scene in

regions with fine details.

Moreover, for EG, we generally obtain visually similar results with the proposed method based

on an external dataset and based on self-similarity. However, we can still notice subtle differences

in some results such as in Figure 3.12 (top), where the one with self-similarity has some artifacts

around the branch of the plant.

We also compare the view synthesis results using the upscaled depth images by different single

image or depth super-resolution methods as shown in Figure 3.14. We first upsample the depth

images from two different views using different methods. With the upscaled depth results, we

synthesize a new color view in between using the view synthesis algorithm in [59] and measure the

resultant Peak Signal Noise Ratio (PSNR) value for the synthesized results generated by depth from
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Figure 3.10: Visual comparison of ArtL with cropped zoomed regions (g = 3). (a) Ground

truth. (b) NLM [103]. (c) TGVL2 [37]. (d) ScSR [153]. (e) K-SVD [158]. (f) SRCNN [31]. (g)

SRF [55]. (h) PB [88]. (i) CDLLC. (j) EG without training data. (k) EG.

each method. We also synthesize the “Ground Truth” color image of the view using the ground

truth high-resolution depth and color images provided in the dataset as a comparison. From it, we

can see that the edge-guided method obtains the highest PSNR scores and better view synthesis

results compared to other methods. The CDLLC is also one of the best performers compared with

other methods.

To further demonstrate the effectiveness of our proposed approach, we show the 3D mesh

constructed from the upscaled depth with different methods in Figure 3.15, in which the depth

is captured by a PMD camera (TOF camera). From the figure, we can see that the edge-guided

method yields sharp 3D boundaries as well as relatively smooth surfaces. It should be noted that in

the CDLLC, the results suffer over smoothness while the result of method PB [88] has some severe

block artifacts.

As a comparison between the two methods that we propose, in general, the EG method per-

forms slightly better than the CDLLC method for depth super-resolution in terms of percentage
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Figure 3.11: Visual comparison of Playtable with cropped zoomed regions (g = 4). (a) Ground

truth. (b) NLM [103]. (c) TGVL2 [37]. (d) ScSR [153]. (e) K-SVD [158]. (f) SRCNN [31]. (g)

SRF [55]. (h) PB [88]. (i) CDLLC. (j) EG without training data. (k) EG.

Figure 3.12: Visual comparison of Jadeplant with cropped zoomed regions (g = 4). (a) Ground

truth. (b) NLM [103]. (c) TGVL2 [37]. (d) ScSR [153]. (e) K-SVD [158]. (f) SRCNN [31]. (g)

SRF [55]. (h) PB [88]. (i) CDLLC. (j) EG without training data. (k) EG.
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Figure 3.13: Visual comparison of Laser Data with cropped zoomed regions (g = 4). (a) Ground

truth. (b) ScSR [153]. (c) K-SVD [158]. (d) SRCNN [31]. (e) SRF [55]. (f) PB [88]. (g) CDLLC.

(h) EG without training data. (i) EG.

Figure 3.14: Visual comparison of view synthesis result on depth images scaled by a factor

of 4 with cropped zoomed regions. (a) Ground truth. (b) ScSR [153]. (c) K-SVD [158]. (d)

SRCNN [31]. (e) CDLLC. (f) SRF [55]. (g) PB [88]. (h) EG without training data. (i) EG.
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Figure 3.15: Visual comparison of the 3D mesh from depth images scaled by a factor of 4. (a)

Ground truth. (b) ScSR [153]. (c) K-SVD [158]. (d) CDLLC. (e) SRF [55]. (f) PB [88]. (g) EG

without training data. (h) EG.

error and visual result. This is because in depth images, which are usually relatively textureless,

edges play a very important role. A sharper edge can lead to better depth visualization as well

as better performance on depth related application such as view synthesis and 3D reconstruction.

However, regarding the noise, CDLLC has a better performance in denoising and also gives bet-

ter results in terms of RMSE evaluation, since the CDLLC algorithm also considers removing the

present noise in depth at the same time as upscaling the depth image. Also, the CDLLC method

requires significantly less computation compared to the EG method.

3.6 Conclusion

In this chapter, we propose two approaches for single depth image super-resolution: a Coupled Dic-

tionary Learning-based approach with Local Constraint (CDLLC) and an Edge-Guided approach

(EG). In CDLLC, we introduce a locality constraint in the coupled dictionary learning process to

train a more robust dictionary. We also jointly reconstruct and smooth the high-resolution image
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using an L0 gradient smooth constraint. Furthermore, we use an adaptively regularized Shock

filter to tackle the jagged edge problem without introducing blurry artifacts around the depth dis-

continuities. In EG, we present a novel framework for single depth image super-resolution guided

by a constructed high-resolution edge map. Motivated by the idea that edges are of particular

importance in the textureless depth image, we convert the super-resolution problem from high-

resolution texture prediction to high-resolution edge prediction. We construct the high-resolution

edge map by casting it as a MRF labeling problem. Moreover, we also propose to incorporate self-

similarity edge patch match during the edge prediction process, when an external training dataset

is not available. Then guided by the edge map, we propose to interpolate the high-resolution depth

image using a modified joint bilateral filter. From experimental results, our methods not only have

better objective performance (i.e., for EG, it reduces 29% error on average compared with state-of-

the-art methods in terms of Percent of Error score metric), but also help avoid artifacts introduced

by direct texture prediction, reduce jagged artifacts, and preserve sharp edges.
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Chapter 4

SEMANTIC INSTANCE ANNOTATION OF STREET SCENES BY 3D TO
2D LABEL TRANSFER

4.1 Introduction

The revolutionary success of high-capacity deep learning architectures [75, 86, 163] may flag the

beginning of a paradigm shift in computer vision. Rather than developing methods for solving a

certain task, future research could be directed towards teaching a “universal program” (e.g., a deep

network) a mapping from input to output space. One fundamental question arising in this context

is how the required ground truth labels for training these models can be generated at very large

scales (i.e., > 100k images). While for some tasks large annotated datasets are already available

today (e.g., image classification [110]), other tasks such as semantic segmentation of street scenes

lack this information as human annotation is very labor-intensive. We refer to this phenomenon as

the “curse of dataset annotation” (Figure 4.1).

One option to circumvent this problem is to exploit auxiliary tasks for which large annotated

datasets are available. While generalization of the target domain can be achieved to some ex-

tent, discriminative cues which solve the auxiliary problem will dominate the learned representa-

tion [162]. A second option is the creation of synthetic datasets. Unfortunately, our community

still lacks rich generative image formation models which are able to produce realistic and diverse

imagery from the true underlying distribution of the 3D world we live in. In this chapter, we there-

fore propose an alternative approach which leverages additional 3D information to simplify the 2D

annotation task.

Recently, applications such as autonomous cars and humanoid robots have attracted significant

attention. For research in these applications, a street view video dataset with dense semantic la-

bels will be very useful. Motivated by those needs, our work focuses on the challenging task of
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Figure 4.1: Curse of dataset annotation.

semantic and instance video annotation of street scenes for which pixelwise labeling requires up

to minutes per image for a human annotator as acknowledged in [6]. Inspired by the easy usage

of 3D modeling tools (Blender, SketchUp) we propose to annotate scenes directly in 3D and then

transfer this knowledge back into the image domain. The required 3D information can be obtained

from various sources including structure-from-motion (SfM), stereo, or laser scanners. This ap-

proach has several advantages over labeling in 2D: First, objects often project into several images

of the video sequence, thus lowering annotation efforts considerably. Furthermore, the obtained

2D instance annotations are temporally coherent as they are associated with a single object in 3D.

And finally, our 3D annotations might be useful by themselves for reasoning in 3D [159] or for

enriching 2D annotations with approximate depth or coarse 3D geometry.

Unfortunately, obtaining dense and accurate 2D labels from sparse noisy point clouds and

coarse 3D annotations is a challenging task in itself. Towards solving this problem, in this chapter,

we propose a non-local multi-field CRF model which reasons jointly about semantic and instance
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labels of all 3D points and all pixels in the image, as illustrated in Figure 4.2. This approach offers

several advantages over methods which reason purely in 2D [5, 137]: Occluders and occludees

which exhibit complex boundaries when projected onto the image plane ( e.g. a tree in front of a

building) are often easier to separate in 3D. Besides, our approach is not affected by missing labels

due to occlusions or drift in optical flow. Furthermore, our model allows us to specify a tractable

semantic instance loss for principled and efficient end-to-end parameter learning. And finally, the

probabilistic nature of our model allows for estimating label uncertainties, which can be used to

increase label accuracy when only a subset of the pixels require a label. In summary, we make the

following two contributions in this chapter [148].

• We present a novel geo-registered dataset of suburban scenes recorded by a moving platform.

The dataset comprises over 400k images and over 100k laser scans, and we provide semantic

3D annotations for all static scene elements.

• We propose a method which is able to transfer these labels from 3D into 2D, yielding pixel-

wise semantic instance annotations. We demonstrate the potential of our approach in ablation

studies and with respect to several 2D and 3D baselines.

4.2 Related Work

In this section, we first review semi-supervised video annotation methods, followed by an overview

of existing semantic and instance segmentation datasets.

Methods: Compared to annotating individual images [49, 83, 150], using video sequences of-

fers the advantage of temporal coherence between adjacent frames. Label propagation techniques

exploit this fact by transferring labels from a sparse set of annotated key frames to all unlabeled

frames based on color and motion information. While in some works a single foreground object

is assumed [60, 134], here we focus on methods that can handle multiple object categories. To-

wards this goal, [6,16] proposed a coupled Bayesian network based on video epitomes and seman-

tic regions to propagate label information between two annotated key frames. To better account
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Figure 4.2: 3D to 2D label transfer: (a) We annotate all objects in 3D using bounding primitives.

(b) Our model then transfers this information into 2D by jointly reasoning about 3D geometric

cues, sparse 3D points, as well as image pixels. (c) This allows us to infer temporally consistent

semantic instance annotations for every frame in the video.

for errors in label propagation, [96] proposed a hierarchy of local classifiers for this task and [5]

leveraged a mixture-of-tree model for temporal association. The problem of selecting the most

promising key frames for annotation has been considered in [137].

In contrast to the aforementioned methods which propagate labels in 2D, in this chapter we

propose to annotate directly in 3D and then project these annotations into the 2D domain. While

this approach requires a source of 3D information (e.g., SfM, stereo, laser), it is able to produce

more accurate semantic and temporally consistent instance annotations. Furthermore, our experi-

ments indicate that annotation in 3D is more time efficient than labeling in 2D as scene elements

can be separated more easily and often project into many images of the input video sequence.

There exists little work on 3D to 2D label transfer. A notable exception is the approach of Chen
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et al. [20], in which annotations from KITTI [43] as well as 3D car models are leveraged to infer

separate figure-ground segmentations for all vehicles in the image. In comparison, our approach

reasons jointly about all objects in the scene and also handles categories for which CAD models

or 3D point measurements are unavailable (e.g., “Tree”, “Sky”). In the context of street view

image segmentation, Xiao et al. [142] present a hybrid method where annotated 3D points from

structure-from-motion are projected onto superpixels in the image and users interactively correct

wrong predictions with 2D scribbles. However, as no occlusion reasoning is performed, their

method can only be applied to scenes with little variations in depth (e.g., facades). Other methods

[14,90,94,95,97] which model the interaction between image pixels and 3D points focus primarily

on improving classification performance or efficiency by exploiting multiple input modalities while

our goal is to transfer ambiguous 3D primitive labels to every pixel in the image.

Datasets: While some datasets such as PASCAL VOC [33] or MS COCO [82] provide se-

mantic labels for a subset of pixels in the image, here we focus on datasets with dense semantic

annotations. Most of these datasets provide only a small number (about 1k) of accurately annotated

indoor [118] or outdoor [47, 117] images. A notable exception is LabelMe [111] with more than

10k images labeled using crowdsourcing techniques. Compared to the smaller datasets, however,

not all images are densely annotated, quality varies heavily amongst annotators, and polygons have

been chosen over pixels for more efficient but less accurate representation.

A number of works have also considered the annotation of video sequences [15, 119, 141]. In

[141], eight RGB-D sequences of indoor scenes have been manually annotated using an interactive

tool which propagates 2D polygons from one frame to another. The recently proposed SUN RGB-

D dataset [119] provides labeled 2D polygons as well as 3D cuboids for 10k RGB-D images

captured indoors. For street scenes, less annotated data is available [8, 94, 95, 108, 136]. While

KITTI [44] provides semantic information only for a few object categories , CamVid [15] offers

pixel-accurate labels, but without instances and for a very limited number of frames. Very recently,

the Cityscapes dataset [26] has been proposed with 5k manually annotated individual 2D images of
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street scenes1. Our dataset differs from Cityscapes in that we provide temporally coherent semantic

instance annotations at a much larger scale, as well as omnidirectional imagery, 3D laser scans,

and 3D annotations which might also be directly useful for reasoning in 3D. While [26] focuses

on inner-city scenes, our dataset comprises mainly suburban areas; thus both datasets complement

each other.

4.3 Method

In this work, we are interested in generating semantic instance annotations for urban scenes at

a large scale by transferring labels from sparse 3D point clouds into the images. In particular,

we focus on static scene elements which dominate suburban scenes. Dynamic objects could be

handled via 3D models [20, 92], but as our dataset comprises few dynamic objects we leave this

extension for future work. This section describes our data collection efforts, our 3D annotation

process, as well as the proposed label transfer model.

4.3.1 Data Collection

For our data collection, we equipped a station wagon with one 90◦ fisheye camera to each side

and a 90◦ perspective stereo camera (baseline 60 cm) to the front. Furthermore, we mounted a

Velodyne HDL-64E and a SICK LMS 200 laser scanning unit in pushbroom configuration on top

of the roof. This setup is similar to the one used in KITTI [43,44], except that we gained a full 360◦

field of view due to the additional fisheye cameras and the pushbroom laser scanner, in comparison

to KITTI, which only provides perspective images and Velodyne laser scans with a 26.8◦ vertical

field of view. Approximate localization is provided by an integrated IMU/GPS measurement unit.

Using this setup, we recorded several suburbs of a mid-size city corresponding to over 400k

images and 100k laser scans. We estimated all vehicle and camera poses using structure-from-

motion [52]. More specifically, we minimized 3D reprojection errors based on all feature matches

while regularizing against the GPS solution. This results in accurate georegistered camera poses.

1http://www.cityscapes-dataset.net/

http://www.cityscapes-dataset.net/
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While our label transfer approach does not assume geolocalization, geospatial information2 can

facilitate the 3D annotation task.

4.3.2 Annotation

We augmented our dataset with 3D annotations in the form of bounding primitives; i.e., we placed

cuboids and ellipsoids around objects in 3D and assigned a semantic label to each of them. More

specifically, we asked a group of annotators to tightly enclose the 3D points belonging to an object

by the respective primitive. For this purpose, we developed a 3D annotation tool based on WebGL

(see Figure 4.2a ) which visualizes the 3D points and the two camera views, and provides tools

to facilitate navigation and annotation. To enable efficient annotation, our primitives are rough

approximations of the true object shapes and thus are allowed to overlap in 3D (see Figure 4.2b).

For stuff categories (e.g., “Road”, “Sidewalk”, “Grass”) we allowed users to draw 2D polygons in

bird’s eye view which are then extruded into 3D to better approximate the shape and to facilitate

annotation. Ambiguities are resolved using our label transfer method described in the following

section. Annotating a single batch comprising 200 laser scans and 800 images required about 3

hours.

4.3.3 Model

Given sparse point clouds and 3D annotations, we are interested in generating dense semantic

instance annotations for all images. Towards this goal, we propose a CRF model which reasons

jointly about the labels of the 3D points and all pixels in the image, leveraging the calibration and

registration described in Section 4.3.1. Note that our 3D annotations are sparse and noisy; i.e.,

3D points can carry none, one, or multiple labels due to overlapping bounding primitives in 3D.

The algorithm described in this section is designed to resolve these situations and infers marginal

estimates for all 3D points and pixels in the image. In order to make our approach more robust

in regions where appearance is not discriminative, we investigate additional geometric cues of the

2http://www.openstreetmap.org/

http://www.openstreetmap.org/
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Image

3D Points

Pixels

(a) Graphical model

Curb Fold

Side View

(b) 3D curbs and folds

Figure 4.3: Label transfer model. (a) Factor graph representation of our graphical model for

3D to 2D label transfer. Our approach estimates marginal distributions for all pixels P and 3D

points L. (b) We localize 3D geometric structures such as folds and curbs to improve segmentation

boundaries between the categories “Road”, “Sidewalk” and “Wall”.

3D point cloud such as 3D surface folds and curbs (see Figure 4.3b). If detected, these cues can

provide accurate boundaries between semantic classes in the image.

More formally, letP ,L andF denote the set of image pixels, sparse 3D points from laser/stereo,

and detected 3D fold or curb segments, respectively. For each pixel i ∈ P and each 3D point l ∈ L,

we specify random variables si and sl taking values from the set of semantic (or instance) labels

{1, . . . , S}, where S denotes the number of classes. For instance inference, we assign a unique ID

to each object which projects into the image. Thus, semantic and instance inference can be treated

equally under our model and we will refer to both as “semantic labels” in the following.

Let s = {si|i ∈ P} ∪ {sl|l ∈ L} denote the set of semantic labels. Dropping all dependencies

on the image and point cloud for clarity we specify our CRF in terms of the following Gibbs energy
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function:

E(s) =
∑
i∈P

ϕPi (si) +
∑
l∈L

ϕLl (sl) +
∑
m∈F

∑
i∈P

ϕFmi(si) (4.1)

+
∑
i,j∈P

ψP,Pij (si, sj) +
∑
l,k∈L

ψL,Llk (sl, sk) +
∑

i∈P,l∈L

ψP,Lil (si, sl)

with unary potentials ϕ(·) and pairwise potentials ψ(·). For notational clarity, we omit all condi-

tional dependencies on the input images, 3D points and 3D annotations.

Pixel Unary Potentials: The pixel unary potentials ϕPi (si) encode the likelihood of pixel i

taking label si

ϕPi (si) = wP1 (si) ξ
P
i (si)− wP2 (si) log pPi (si) (4.2)

where wP1 and wP2 denote learned feature weights. Our first constraint ξPi (si) determines the set

of admissible labels and is obtained by projecting the 3D bounding primitives (which are an upper

bound on the objects’ extent) into the image. We formulate the constraint via a binary feature

ξPi (si) ∈ {0, 1} which takes 0 for pixel i if its ray passes through a primitive of class si, and 1

otherwise.

In addition, we leverage appearance information by projecting all non-occluded sparse 3D

points into all adjacent frames of the image sequence and training a pixel-wise classifier [117]

based on these projections. This results in a per-pixel probability distribution over semantic labels

pPi (si). The intuition behind this feature is that regions of the same semantic class are similar in

adjacent frames and thus yield highly discriminative cues for the current frame.

3D Point Unary Potentials: The 3D point unary potentials ϕLl (sl) encode the likelihood of 3D

point l taking label sl:

ϕLl (sl) = −wL(sl) ξ
L
l (sl) (4.3)

where ξLl (sl) denotes a feature which takes 0 if the 3D point l lies within a 3D primitive of class

sl, and 1 otherwise. As the “sky” class cannot be modeled with primitives we set ξLl (sl) to 0 if sl

takes the label “sky”. Additionally, we create “virtual sky points” at infinity for all pixels whose

ray doesn’t intersect any 3D primitive. Note that these pixels must correspond to sky regions as we

assume that each object is completely contained in one or several bounding 3D primitive(s).
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Sidewalk

Wall
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Bounding
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Label Boundary

2D Fold

Road

Figure 4.4: Geometric unary potentials. Left: We encourage label changes at 3D curbs or folds

after projection into the image domain. Right: This constraint (ϕFmi) is implemented by pixel unary

potentials inside each minimum bounding discRm around each 2D curb or fold segment m.

Geometric Unary Potentials: We encourage label changes at curbs or folds which we detect

in 3D using plane fitting, as described in Appendix A. Given the projections into 2D, we introduce

the following constraint:

ϕFmi(si) = wF
[pi ∈ Rm ∧ νm(pi) 6= si]

exp {dist(pi,πm)}
(4.4)

Here, [·] is the Iverson bracket, pi denotes the 2D location of pixel i and Rm represents a 2D disc

around curb or fold segment m projected into 2D (yielding a line segment πm) as illustrated in

Figure 4.4. νk is a function which takes as input a pixel location and returns the semantic label

predicted by fold m. More specifically, we project the 3D fold into 2D and compute the majority

label at its two sides from the sparse projected 3D points. The denominator in Eqn. 4.4 ensures a

penalty decay towards the disc boundaries.

Pixel Pairwise Potentials: Our dense pairwise term encourages semantic label coherence and

connects all pixels in the image via Gaussian edge kernels

ψP,Pij (si, sj) = wP,P1 (si, sj) exp

{
−‖pi − pj‖2

2 θP,P1

}
+wP,P2 (si, sj) exp

{
−‖pi − pj‖2

2 θP,P2

− ‖ci − cj‖2

2 θP,P3

}
(4.5)

where pi is the 2D location of pixel i and ci denotes its color value. Further, wP,P1 and wP,P2 are

learned pairwise feature weights and θP,P parametrizes the kernel width.
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3D Pairwise Potentials: Similarly, we apply a Gaussian edge kernel to encourage label con-

sistency between 3D points based on their 3D location and surface normals

ψL,Llk (sl, sk) = wL,L(sl, sk) (4.6)

× exp

{
−‖p

3d
l − p3d

k ‖2

2 θL,L1

− (nl − nk)2

2 θL,L2

}

where p3d
l is the 3D location of point l and nl denotes the vertical (up) component of its normal.

We use the normal’s z-component as it is the most discriminative cue for indicating label changes

between horizontal (e.g., road, sidewalk) and vertical (e.g., side of car, wall) surfaces. We estimate

the respective normals using principle component analysis in a local neighborhood around each

3D point.

2D/3D Pairwise Potentials: Finally, we encourage coherence between all 3D points and the

image pixels

ψP,Lil (si, sl) = wP,L(si, sl) exp

{
−‖pi − πl‖

2

2 θP,L

}
(4.7)

where πl denotes the projection of the 3D laser or stereo point l onto the image plane. Importantly,

we project only points into the image which are likely to be visible. We determine these points

by meshing the 3D point cloud using the ball-pivoting method of Bernardini et al. [10], consider-

ing only 3D points in front of the mesh. We also tried state-of-the-art multi-view reconstruction

approaches [62] for mesh generation, but obtained better results with the described meshing ap-

proach.

4.4 Learning and Inference

This section describes inference and parameter estimation in our label transfer model.

Inference: At test time, we are interested in estimating the marginal distribution of each se-

mantic or instance label in s under our model, specified by the Gibbs distribution defined in Eqn.

4.1. The most likely configuration can then be estimated by variable-wise maximization of these

marginals. As our graphical model is loopy, exact inference in polynomial time is intractable. We

resort to variational inference and approximate the probability distribution on s by replacing it
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with a factorized mean field distribution Q(s) =
∏

i∈P∪LQi(si). This mean field approximation

can be computed efficiently using bilateral filtering [74]. As our model comprises three sets of

densely connected variables (namely P , L and P ↔ L), we exploit the algorithm of [67, 138]

which generalizes [74] to multiple fields.

Learning: We employ empirical risk minimization in order to learn the parameters in our

model, considering the univariate logistic loss, defined as ∆(s) = − log (P (s)) where P (·) denotes

the marginal distribution at the respective site. Let us subsume all model parameters into Θ =

{wP1 , wP2 , wL, wF , w
P,P
1 , wP,P2 , wP,L, wL,L}. We define our minimization objective f(Θ) as the

regularized univariate logistic loss:

f(Θ) =
N∑
n=1

∑
i∈P

− log
(
Qn,i(s

∗
n,i)
)

+ λC(Θ) (4.8)

Here, N is the number of training images, s∗n,i denotes the ground truth semantic label and Qn,i(·)

is the approximate margin at pixel i in image n, calculated via mean field approximation. C(Θ) is

a quadratic regularizer on the parameter vector Θ. We whiten all features and use a single value

λ which we select via cross-validation on the training set. For learning the instance segmentation

parameters we exploit the same loss f(Θ) as for semantic segmentation. In order to associate 2D

ground truth instances with 3D instances we project all visible 3D points into the image and find

a consensus via the majority vote which gave good results in practice. As the number of instances

per semantic class varies between images, we learn intra- and inter-class pairwise potentials using

parameter tying.

We optimize the objective function f(Θ) using stochastic gradient descent. The derivative of

f(Θ) wrt. Qn,i(sn,i) is given by

∂f(Θ)

∂Qn,i(sn,i)
=

−Qn,i(s
∗
n,i)
−1 if sn,i = s∗n,i

0 otherwise
(4.9)

We obtain ∂Q/∂Θ using auto differentiation of our mean field inference algorithm. For faster

convergence, we make use of the ADADELTA algorithm [157] with decay parameter 0.95 and
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ε = 10−8, and randomly sample a batch of 16 training images at each iteration for which all

gradients can be computed in parallel.

4.5 Experimental Evaluation

In this section, we first evaluate our method in ablation studies and with respect to several label

transfer baselines. Besides, we exploit the uncertainty in our predictions to increase accuracy for

semi-dense predictions. Finally, we show some qualitative results of our method.

As input to our method, we accumulate all laser measurements in a common world coordinate

system and augment them with 3D points from stereo matching [53]. To reduce outliers, we con-

sider only points up to 15 m distance, and apply left-right as well as forward-backward consistency

checks over 5 frames. We fuse all 3D points into one global point cloud and remove all points

which are closer than 5 cm to their nearest neighbor.

For evaluation, we manually annotated 160 images from 8 different suburbs with dense pixel-

wise ground truth. From the 160 frames, 120 frames have been labeled in equidistant steps of 5

frames for comparison with 2D label transfer methods. We learn the parameters in our and the

baseline models using 2-fold cross validation at the sequence level to avoid any bias caused by the

correlation of adjacent frames within a sequence.

4.5.1 Quantitative Evaluation

This section presents our quantitative evaluation. We compare our method with respect to several

baselines on semantic and instance segmentation tasks.

Semantic Segmentation: As semantic segmentation is a more established task with a larger

number of baselines available, we focus on this task first. For evaluation, we map the 27 semantic

labels in our 3D annotations to the most frequently occurring 14 categories, “Road”, “Parking”,

“Sidewalk”, “Terrain”, “Building”, “Vegetation”, “Car”, “Trailer”, “Caravan”, “Gate”, “Wall”,

“Fence”, “Box”, and “Sky”. The color coding is shown in Figure 4.5 and Figure 4.6. We report

the frequency of these classes in Table 4.1. As a metric we leverage the common Jaccard Index,

calculated as the intersection-over-union w.r.t. the estimated and the ground truth pixels. We
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Road Driveway Sidewalk Terrain Vegetation

Building Car Trailer Caravan Box

Gate Wall Fence Sky Undefined

Figure 4.5: Color coding of semantic labels.

Road Driveway Sidewalk Terrain Vegetation

Building Car Trailer Caravan Box

Gate Wall Fence Sky

Garage Truck

Undefined

Figure 4.6: Color coding of instance labels.

measure overall performance by the average Jaccard Index (JI) weighted by the class frequency

and the average pixel accuracy (Acc).

The upper half of Table 4.2 shows results of several 2D to 2D label transfer methods on all

120 equidistantly labeled frames. Here, the task is to predict the center frame from two annotated

images (±5 frames corresponding to 0.5 seconds of driving or ∼ 5 meters travel distance).

Our first baseline (“Label Prop.”) is the label transfer approach presented in [137]. To ensure

that all baselines have access to the same information, we do not select frames in an active fashion

but use equidistantly spaced labels for all methods (the driving speed during recording was nearly

constant). We construct a second baseline (“Sparse Track. + GC”) using the feature tracking

approach of [124] to propagate semantic labels from the two closest labeled frames to the target

frame. To densify the label map, we apply graph cuts (GC) with contrast sensitive edge potentials

[13].

In order to evaluate the value of 3D information, we implemented a third baseline (“3D Prop.
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Semantic Labels Instance Labels Frequency

(%)

Definition

Road Road 11.55

Sidewalk Sidewalk 6.91

Driveway Driveway 1.29

Terrain Terrain 1.40 Grass, Soil, Stone

Building Building, Garage 29.04

Vegetation Vegetation 25.03

Car Car, Truck 9.61

Trailer Trailer 0.49

Caravan Caravan 0.49

Box Box 0.27 Box, Trashbin, Vendingmachine

Wall Wall 3.63

Fence Fence 1.81

Gate Gate 0.44

Sky Sky 7.80

Motorcycle, Bicycle, Pedestrian,

Rider, BigPole, SmallPole,

Undefined Undefined 0.26 TrafficLight, TrafficSign, Lamp

Table 4.1: Mapping between Instance Labels and Semantic Labels. Frequencies are specified

in percentage of pixels.
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+ GC”) which works similar to the previous one, but replaces the sparse tracking part with corre-

spondences obtained by transferring pixels of the two closest labeled frames to the target image via

the visible vertices of our 3D mesh followed by graph cuts propagation. While this method takes

advantage of 3D information, the propagation is purely done in 2D. Finally, we train the model of

Krähenbühl et al. [74] (“Fully Conn. CRF”) on all annotated adjacent frames of the test sequence

in order to segment the respective target frame.

From the 2D label transfer baselines, the mesh transfer method which uses projected 3D in-

formation performs best. Furthermore, and maybe surprisingly, the fully connected CRF model

which does not use correspondence information performs on par or even better than special pur-

pose label transfer methods. According to our experiments, this is caused by the fact that optical

flow (as used in [124,137] for propagating labels) often fails for street scenes like ours due to large

displacements, perspective distortions, textureless regions and challenging lighting conditions. On

the other hand, the fully connected model performs weaker for less frequent or textureless classes

such as “Trailer” or “Box”.

The bottom half of Table 4.2 compares the proposed method with respect to several 3D to 2D

label transfer baselines which in contrast to the 2D to 2D label transfer methods exploit our 3D

annotations but do not require equidistantly labeled 2D annotations. Since there exists little prior

work on this task, we construct a set of baselines from our model for this purpose. As evidenced

by our results, simply projecting 3D primitives or meshes into the image and smoothing via GC

does not perform well due to the crude approximation of the geometry (“3D Primitives + GC”,

“3D Mesh + GC”). Better results are obtained when projecting the visible 3D points followed by

spatial propagation (“3D Points + GC”).

Finally, we observe that all baselines are outperformed by the proposed method (last row)

in almost all categories. Importantly, note that the 2D methods require every 10th frame to be

labeled, while our method (as well as the other 3D baselines) require 3D annotations in the form

of 3D primitives. Assuming 60 minutes annotation time per image, this amounts to 20 hours of

annotation time per batch of 200 frames when labeling one 2D image every 10th frame, while the

respective 3D annotations for this scene can be obtained in less than 3 hours. Note that labeling
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Method Road Park Swlk Terr Bldg Vegt Car Trler CarvnGate Wall FenceBox Sky JI Acc

Label Prop. [137] 93.4 51.8 73.5 58.3 80.2 69.9 61.5 22.4 42.3 30.6 45.3 45.7 32.5 89.6 74.4 84.4

Spas Trk. + GC [124] 89.6 37.1 69.0 54.2 84.6 79.5 78.2 2.5 35.3 3.2 38.9 32.9 7.0 91.0 77.8 87.3

3D Prop. + GC 91.3 44.5 74.0 62.4 86.2 81.8 81.6 5.2 38.6 12.7 47.4 42.0 15.0 88.8 80.2 88.9

Fully Conn. CRF [74] 88.5 37.8 68.4 55.8 85.5 79.8 76.8 2.5 30.6 2.9 38.3 32.4 0.0 92.8 77.9 87.4

3D Primitives + GC 78.7 46.4 43.9 46.5 54.9 55.4 55.1 72.3 54.6 51.0 40.2 52.3 40.2 55.4 56.4 72.1

3D Mesh + GC 92.1 66.4 72.4 66.1 69.1 74.9 87.7 88.9 88.5 61.9 51.4 60.7 30.4 46.4 72.5 82.6

3D Points + GC 93.1 72.4 78.9 72.4 81.9 77.2 88.1 92.4 91.1 70.2 66.8 68.7 62.4 69.9 80.5 89.0

Proposed Method 95.3 80.6 86.4 81.0 90.9 86.9 91.5 94.9 91.8 73.6 78.9 79.4 73.0 91.0 89.2 94.2

Table 4.2: Comparison to Label Transfer Baselines on Semantic Segmentation Task. We

compare our method to 2D label transfer baselines (top) and to 3D to 2D label transfer baselines

(bottom) on 120 consecutive images. See text for details.

each frame of the sequence manually would require 200 hours. This gain multiplies with the frame

rate and the number of cameras (our setup comprises four).

Ablation Study: We evaluate the importance of the individual components of our model in

Table 4.3 (top). Starting with the appearance classifier trained on the projected sparse 3D points

(pP), we incrementally add the terms related to the 3D points (ϕL,ψP,L), the semantic pairwise

term between pixels (ψP,P), the 3D primitive constraints (ξP), the 3D pairwise constraints (ψL,L)

and finally the remaining terms (ϕFmi) as specified in Eqn. 4.1. We note that each component is able

to increase performance. As expected, we obtain the largest improvement by reasoning about the

relationship between points in 3D and pixels in the image. Integrating 3D fold and curb detections

increases overall performance only slightly, but improves boundaries, in particular between road

and sidewalk.

Semi-dense Inference: Often, it is not necessary to label all pixels in every image for training

a semantic segmentation model. In this section, we therefore leverage our model’s awareness of

label uncertainty to estimate semi-dense label maps with high accuracy. To quantify uncertainty, we
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Method Road Park Swlk Terr Bldg Vegt Car Trler CarvnGate Wall FenceBox Sky JI Acc

LA 92.2 64.6 77.9 67.5 85.2 81.9 81.7 85.7 81.5 46.8 62.1 60.3 49.4 83.1 82.1 90.0

LA+3D 95.0 76.9 85.5 73.3 87.9 84.3 89.4 88.2 90.2 68.8 74.6 74.0 63.7 83.4 86.2 92.5

LA+PW 92.5 68.6 79.5 73.1 87.3 84.2 84.1 89.9 85.9 48.7 66.2 64.9 54.5 86.6 84.4 91.4

LA+PW+CO 93.0 72.7 81.2 73.8 87.7 84.5 85.7 90.9 88.4 57.7 70.4 69.6 57.6 86.9 85.2 92.0

LA+PW+CO+3D 93.2 78.6 85.0 76.3 90.6 86.7 89.1 90.9 92.7 68.5 77.8 78.9 67.8 90.7 88.2 93.7

+ 3D PW 94.9 80.1 85.9 80.0 90.6 87.0 91.2 91.3 93.8 72.6 78.1 78.5 69.3 90.8 88.8 94.0

Full Model 95.4 80.1 87.1 80.0 90.6 87.0 91.2 91.3 93.9 72.6 78.4 78.6 69.4 90.8 89.0 94.1

Full Model (90%) 98.1 92.3 94.7 92.4 95.3 93.5 96.5 95.8 97.6 83.7 90.7 90.7 84.0 94.6 94.9 97.4

Full Model (80%) 98.8 95.3 96.7 94.9 96.8 95.5 97.5 96.4 98.5 86.4 93.7 93.4 87.9 96.4 96.6 98.2

Full Model (70%) 99.2 96.8 97.9 96.4 97.5 96.8 97.9 97.2 99.0 88.1 95.0 94.6 90.1 97.2 97.5 98.7

Table 4.3: Ablation Study on Semantic Segmentation Task. This table shows the importance

of the different components in our model on all 160 images. The components are abbreviated as

follows: LA = local appearance (pP), PW = 2D pairwise constraints (ψP,P), CO = 3D primitive

constraints (ξP), 3D = 3D points (ϕL,ψP,L), 3D PW = 3D pairwise constraints (ψL,L), Full Model =

all potentials including folds. Percentages denote fractions of estimated pixels. See text for details.

Method Road Park SdwlkTerr Bldg Vegt Car Trler CarvnGate Wall FenceBox Sky JI Acc

LA+3D 94.5 74.7 83.5 73.4 80.7 84.5 86.3 90.8 90.9 66.3 74.7 75.6 63.1 81.9 83.5 91.0

LA+PW+CO 92.8 70.3 79.8 73.9 64.9 84.6 82.2 90.7 87.1 51.7 67.8 66.6 24.7 88.0 78.4 87.4

LA+PW+CO+3D 94.6 78.4 84.2 78.4 86.3 87.6 90.8 93.0 93.3 70.9 77.6 79.4 68.6 91.1 87.5 93.3

+ 3D PW 95.1 80.6 85.3 79.3 86.4 87.9 91.5 93.0 93.6 73.6 78.1 79.0 70.4 90.7 87.9 93.5

Full Model 95.7 80.6 86.9 79.2 86.4 87.9 91.5 93.1 93.6 73.6 78.5 79.1 70.5 90.7 88.1 93.6

Table 4.4: Ablation Study on Instance Segmentation Task using the same abbreviations as in

Table 4.3. See text for details.
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measure the entropy of the label marginal distribution at every pixel. Sorting all pixels according

to their entropy allows us to predict the most certain regions in the image.

Table 4.3 (bottom) and Figure 4.7 show our results when predicting only those parts of the

image. Note how this helps to boost our performance to 94.9% JI and 97.4% accuracy when

predicting at 90% pixel density. In contrast, uncertainty is not directly accessible in most of the

baseline models as they are deterministic or rely on MAP estimates.

Instance Segmentation: As time consistent 2D instance ground truth is hard to obtain, most

existing 2D label transfer methods focus on the semantic segmentation problem. Therefore, we

chose to evaluate instance segmentation performance in an ablation study. We annotated the classes

“Building”, “Car”, “Trailer”, “Caravan” and “Box” with instances in our 2D ground truth. While

the remaining classes (e.g., “Road”, “Sky”) do not admit unambiguous instance labels, we also

report their performance as our model reasons about all instance and semantic classes jointly. Table

4.4 shows our results. Note how the instance segmentation results are on par with the semantic

segmentations, demonstrating our model’s intra-class separation ability.

4.5.2 Qualitative Evaluation

Figure 4.8 illustrates our dense inference results qualitatively for 6 different scenes in terms of

semantic instance segmentation. The last row shows the error maps where colors indicate the

true label (see Figure 4.5 and Figure 4.6 for color coding). While the proposed method is able to

delineate most object boundaries satisfyingly, some challenges remain. In particular, errors occur

in low-contrast image regions with overlapping 3D annotations (Scene 1: car/road boundary) and

in regions where 3D points are absent due to sensor occlusion (Scene 4: building roof). Another

source of errors are inherent label ambiguities which occur for porous objects such as fences or

trees (Scene 6: tree boundary) where even 2D ground truth annotation is a difficult and ambiguous

task. Finally, manual 2D annotations also contain errors, in particular at complex boundaries which

are hard to delineate (Scene 4: trees, Scene 5: hedge). However, note that our semi-dense inference

is able to successfully identify those regions as shown in Figure 4.8 - Figure 4.9. Furthermore, in

Figure 4.8 - Figure 4.9, we provide additional qualitative results as well as our inference results
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for 3D points. Figure 4.10 shows the visual comparison with baseline methods. In Figure 4.11, we

also show the accumulated 3D semantic point cloud inferred from our model.

4.6 Conclusion

We present a method for semantic instance labeling of large datasets from annotated 3D primitives.

In the presence of 3D data, our method yields better results compared to several state-of-the-art

2D label transfer baselines while lowering annotation time. Furthermore, our method results in

temporally consistent instance labels, and explicitly exposes label uncertainty. We also propose

a novel dataset (which we will make available), comprising 400k images, laser point clouds, and

annotations for all objects.
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Figure 4.7: Performance wrt. estimated pixels. This figure shows the average Jaccard Index (a, c)

and the average accuracy (b, d) for semantic segmentation (top, including the “Fully Conn. CRF”

baseline) and instance segmentation (bottom) when estimating only a fraction of the pixels which

is selected according to the uncertainty/entropy in our predictions.
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Figure 4.8: Qualitative semi-dense semantic results. Each subfigure shows from top-to-bottom:

the input image with inferred semantic segmentation and the errors with respect to 2D ground

truth annotation where colors indicate the groundtruth label. The second, third and fourth row of

subfigures show the results at 90%, 80% and 70% density, respectively. The last row shows the

corresponding semantic 3D point cloud.
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Figure 4.9: Qualitative semi-dense instance results. Each subfigure shows from top-to-bottom:

the input image with inferred instance segmentation and the errors with respect to 2D ground truth

annotation where colors indicate the groundtruth semantic label. The second, third and fourth row

of subfigures show the results at 90%, 80% and 70% density, respectively. The last row shows the

corresponding instance 3D point cloud (random colors).
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Figure 4.10: Comparison to baselines. Each subfigure shows from top-to-bottom: the input image

with inferred semantic segmentation and the errors with respect to 2D ground truth annotation,

where colors indicate ground truth labels.
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Figure 4.11: Inferred 3D point clouds. Left: Semantic results. Right: Instance results (random

colors).
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Chapter 5

CONCLUSION AND FUTURE WORK

5.1 Summary

In this dissertation, we present new techniques and applications related to depth. A brief summary

is provided as follows:

In Chapter 2, we propose a robust and efficient 3D point cloud fine registration approach by

enhancing ICP with a new cost function that balances the significance of structural and photometric

features with dynamically adjusted weights to improve the error minimization process. We also

introduce a novel outlier rejection method, which adaptively sets the outlier distance threshold

in each ICP iteration, while taking into account both the 3D structural features of the object and

the spatial distances of the SIFT feature pairs. For experiments, we show that our contributions

can achieve superior results than other related methods, both in terms of registration accuracy and

efficiency. In particular, we demonstrate our approach in several challenging scenarios, involving

objects with symmetrical structures and alignment with large camera view displacements.

In Chapter 3, we propose two approaches from different aspects of single depth image super-

resolution: a Coupled Dictionary Learning-based approach with Local Constraint (CDLLC) and an

Edge-Guided approach (EG). In CDLLC, a robust coupled dictionary learning method with locality

coordinate constraints is introduced to reconstruct the corresponding high resolution depth map.

We also incorporate an adaptively regularized shock filter to simultaneously reduce the jagged

noise and sharpen the edges. Furthermore, a joint reconstruction and smoothing framework is

proposed with an L0 gradient smooth constraint, making the reconstruction more robust to noise.

In the edge-guided approach, a novel framework for the single depth image super-resolution is

proposed. In the framework, the upscaling of a single depth image is guided by a high-resolution

edge map, which is constructed from the edges of the low-resolution depth image through a Markov
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random field optimization in a patch synthesis based manner. We also explore the self-similarity

of patches during the edge construction stage, when limited training data are available. With the

guidance of the high-resolution edge map, we propose to upsample the high-resolution depth image

through a modified joint bilateral filter. From experimental results, our method not only has better

objective performance (i.e., for EG, it reduces 29% error on average compared with state-of-the-

art methods in terms of Percent of Error score metric), but also helps avoid artifacts introduced by

direct texture prediction, reduces jagged artifacts, and preserves sharp edges.

In Chapter 4, we propose a novel dataset comprising 400k images, laser point clouds, and

annotations for all objects in street views. We also present a method for semantic instance labeling

of large datasets from annotated 3D primitives. In the presence of 3D data, our method yields better

results compared to several state-of-the-art 2D label transfer baselines while lowering annotation

time. Furthermore, our method results in temporally consistent instance labels, and explicitly

exposes label uncertainty.

5.2 Future Work

In what follows, we propose some possible future works and directions related to the depth pro-

cessing:

• Joint edge reconstruction and edge-guided super-resolution

• Depth video super-resolution

• Joint inference on multiple sequential frames

• Semantic segmentation on dynamic scene

5.2.1 Joint edge reconstruction and edge guided super resolution

From the previous depth super-resolution results, we can see that the edge plays an important role

in helping super-resolution. In the edge-guided method, although we reconstruct a high-resolution
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(a) (b)

Figure 5.1: Error map of the super-resolution result of the edge-guided method. (a) Original

depth image. (b) Corresponding error map (encoded with jet color).

edge to help bilateral interpolation, most of the errors are still located around the edges in the final

reconstructed high-resolution depth as shown in the Figure 5.1. Therefore, the possible future work

could be estimating a more accurate edge map.

One possibility is to jointly estimate the high-resolution edges and super resolved depth image.

On one hand, the estimated edges could help depth image interpolation. On the other hand, the

interpolated depth image will benefit the edge reconstruction as well.

The other possibility is to use the pre-registered high-resolution color image to help edge esti-

mation. The high-resolution edge can be inferred by the combination of the high-resolution color

image and the low-resolution input depth map.

5.2.2 Depth video super-resolution

As the future work, we also aim to extend our single depth image super-resolution idea to spatio-

temporal domain (i.e., upsampling depth videos). We plan to apply our algorithm on each frame of

video sequences. Since we know the 3D structure of the scene from the depth images as well, we

can register the point cloud of each view and figure out the correspondences across different views.
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Therefore, we can jointly infer the upsampled depth images across different frames based on the

correspondences. Since depth images are more independent of light/view variances compared to

color images, the depth continuity is less sensitive to view changes in different frames, and thus,

depth edges are more temporally consistent. So, promising results on video sequences are also

expected.

5.2.3 Joint inference on multiple sequential frames

In our semantic/instance labeling method, since the obtained 3D instance annotations are associ-

ated with a single object in 3D, it already imposes somewhat soft temporal consistency constraint

in our model. However, we can further impose the temporal constraint by jointly inferring the la-

bel of multiple frames in a sliding window manner. One potential problem is the trade-off between

computation and the labeling quality, as the introduction of multiple fields will add significant

computational burden during inference and learning.

It would also be interesting to see if the large scale dataset that we created will boost the

performance for learning-based methods such as the fully convolutional networks [86].

5.2.4 Semantic segmentation on dynamic scenes

While creating a large scale dataset for semantic and instance segmentation, we only focused on

the static scene elements which dominate suburban scene. One possibility of our future work is

to extend our semantic segmentation method to dynamic scenes. We propose to use the object-

ness idea for handling the dynamic objects [20, 93]. Moreover, the incorporation of instance loss

functions [1] will be another promising direction for the future.
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Appendix A

FOLD AND CURB DETECTION

We detect folds and curbs in the 3D point cloud for disambiguating the semantic class at object

boundaries. We first extract all relevant object class boundaries by thresholding the gradient over

semantic classes in the annotated 3D point cloud (i.e., we sweep a 3D gradient operator over the

semantic 3D point cloud). For each boundary point, we fit two perpendicular 3D planes and extract

their intersection in terms of a 3D fold (see Figure 4.3b, right). The sole exception are boundaries

between road and sidewalk for which we detect the bottom part (of the curb) by training an SVM

(Support Vector Machine) on shape context features [9] (see Figure 4.3b, left). Due to the small

elevation of the curb and the noise in the 3D data we found this to perform better than 3D plane

fitting in terms of separating the objects in 3D.

As the fold detections are noisy, we model the true fold location as a random variable and penal-

ize the deviation of the estimate f from the detection f ∗ while encouraging continuity/smoothness.

We associate a random variable fi ∈ F with each 3D fold or curb i ∈ F which specifies the lo-

cation and orientation of the fold segment in 3D. We discretize the set of possible fold segments

for each detection by sampling from a local neighborhood around the parameters of the detection,

i.e., we have F = {1, . . . , F}, where F is the number of discrete sample points. Each sample is

associated with the corresponding fold segment parameters. We formulate a CRF model for opti-

mizing the placement of fold/curb segments with an energy function which encourages smoothness

of adjacent segments in 2D:

E(f) =
∑
i∈F

ϕFi (fi) +
∑
i,j∈F

ψF ,Fij (fi, fj) (A.1)

3D Fold/Curb Unary Potentials: The unary potential for the 3D fold segments and curbs is
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Curb Fold

Side View

(a) 3D Fold Detection

3D Fold Unary Potential

3D Fold Pairwise Potential

(b) 3D Fold Potentials

Figure A.1: Illustration of the fold/curb detection in our model. (a) Geometric structures such

as folds and curbs are detected in the 3D point cloud by fitting planes and training a classifier based

on shape context. (b) We model the uncertainty in the folds by introducing an auxiliary random

variable fi with each of them and connect adjacent folds to encourage smoothness.

specified by a quadratic loss on the deviation of the estimated fold fi from its 3D detection f ∗i :

ϕFi (fi) = wF
∑
c∈C

‖κi(fi, c)− κi(f ∗i , c)‖22 (A.2)

Here, C ⊂ [0, 1] is a finite set of 1D control points along the fold segment and κi(fi, c) returns the

corresponding 3D point. The potential is illustrated in Figure A.1b (top).

3D Fold/Curb Pairwise Potentials: For smoothing the boundaries, we introduce a pairwise

term which encourages continuity between neighboring fold segments and curbs

ψF ,Fij (fi, fj) =

φ
F ,F
ij (fi, fj) if (i, j) ∈ NF

0, otherwise
(A.3)
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where smoothness of neighboring folds is defined via

φF ,Fij (fi, fj) = wF ,F1

(
1− |πi(fi)T · πj(fj)|
‖πi(fi)T‖2 ‖πj(fj)‖2

)
+wF ,F2 dist (π(κi(fi, 1)),πj(fj))

+wF ,F2 dist (π(κj(fj, 0)),πi(fi))

and NF denotes the set of neighboring folds in 3D, i.e., folds for which the endpoint of one fold

segment is within a small distance from the startpoint of the next segment. The 3D point κ(·, ·)

is defined as above, π(·) projects a point or fold segment from 3D to 2D, and dist(·, ·) denotes

the shortest distance of a 2D point to a 2D fold segment. We use scaled normals to represent fold

segments πi(fi) in 2D (i.e., πi(fi)Tp = 1 for all pixels p ∈ R2 on the 2D fold). This potential is

illustrated in Figure A.1b (bottom).

Inference: Eqn. A.1 corresponds to a non-loopy pairwise CRF as folds are connected in chains,

e.g., along the sidewalk-road boundary. We obtain a global minimizer of the corresponding Gibbs

energy via belief propagation. The parameters of the model have been set empirically to yield

smooth results.
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