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ABSTRACT

Recently, consumer depth cameras have gained significant
popularity due to their affordable cost. However, the limited
resolution and quality of the depth map generated by these
cameras are still problems for several applications. In this
paper, we propose a new algorithm for depth image super res-
olution using a single depth image as input. We reconstruct
the corresponding high resolution depth map through a ro-
bust coupled dictionary learning algorithm with local coordi-
nate constraints. The local constraints remove the prediction
uncertainty and prevent the dictionary from over-fitting. We
also incorporate an adaptively regularized Shock filter to si-
multaneously reduce the noise and sharpen the edges. Exper-
imental results demonstrate the effectiveness of our proposed
algorithm compared to previously reported methods.

Index Terms— Depth Image, Super resolution, Coupled
dictionary learning, Shock filter

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 dif-
ferent research disciplines, including computer vision, graph-
ics, human computer interaction, and virtual reality. However,
the limited resolution and low quality of the depth map gen-
erated by these cameras still pose serious issues for various
3D applications. For example, the resolution of SwissRange
SR4000 depth camera and PMD Camcube camera are only
about 200*200. Even for Kinect, the resolution of the depth
image is 640*480, which is much lower compared to that of
its corresponding color image (1280*1024). In this work, we
aim to enhance the resolution of depth images solely on a sin-
gle 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 SR requires the prediction of a large amount of un-
known pixels based on the input pixels. To date, super resolu-
tion is also intensively related to a variety of other problems
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Fig. 1: Visual result (zoomed-in) on the TOF camera data
up-scaled by a factor of 4. (a) Original low-res image, Re-
sult of (b) Nearest Neighbor Interpolation, (c) K-SVD based
approach [1], (d) Example based appraoch [2] and (e) Ours.

such as image denoising, deblurring, or inpainting.
In this paper, we address the problem of depth image su-

per resolution and denoising, which offers unique challenges
that are different from color image SR. The depth map cap-
tured by existing consumer cameras is usually degraded by
noises 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 noises in 3D, so the artifacts produced from
depth SR will become less tolerable for 3D applications.

Our contributions can be summarized as follows. First,
we propose a novel dictionary learning based algorithm for
the single depth image super resolution problem. We add lo-
cal constraints into the coupled dictionary learning process to
remove the prediction uncertainty and to prevent the dictio-
nary from over-fitting. Secondly, we tackle the jagged noise
problems in depth image super resolution by incorporating
an adaptively regularized Shock filter. We show that since
Shock filter can simultaneously clean up the jagged noise and
sharpen the edges, it is particularly suitable for denoising the
depth map which contains less texture information. With sim-
ulations, we demonstrate the effectiveness of the proposed
approach in terms of image quality both visually and quan-
titatively. Fig. 1 shows the depth SR result by our approach
compared to other state-of-art methods.

The rest of the paper is organized as follows: In Section
2, we introduce the related work. In Section 3, we present our



proposed approach. In Section 4, we explain the details of our
overall algorithm. In Section 5, we perform simulations to
show the effectiveness of the proposed approach. In Section
6, we conclude the paper.

2. RELATED WORK

Traditional depth SR methods are focused on fusing multi-
ple low resolution depth maps to get a high resolution depth
image [3, 4, 5] since multiple frames can be complementary
to each other. These approaches can actually achieve supe-
rior results in SR. However, they rely on the assumption that
multiple range images are available with small camera move-
ment, which may not be true for many practical applications.
It was also proposed to use an external pre-aligned high res-
olution color image to upscale the depth image [6, 7, 8, 9].
In these works, it was claimed that the high frequency com-
ponents in color images can be utilized to aid SR of depth
images. However, in many cases, the high resolution color
image fully registered with the depth may not be available.

For single image SR, example based approaches become
popular. In [10, 2], the SR problem is formulated as a multi-
class MRF model with each hidden node representing the la-
bel of a high resolution patch. However, since each image
patch is directly obtained from an external dataset, the recon-
struction is highly biased to examples in the dataset. It could
also result in blur or discontinuity artifacts. Recently, sev-
eral learning based methods have shown to outperform the
classical example based approach [11, 1]. In [11], high/low
resolution patches are reconstructed as sparse linear combi-
nations of learned coupled dictionary atoms based on the as-
sumption that low and high resolution patches should share
the same reconstruction coefficients. In [1], the work of [11]
is extended by using a K-SVD dictionary training procedure,
which achieves significantly better results.

However, notwithstanding the demonstrated success of
learning based approaches, existing methods still have some
problems. Since the mapping between high and low resolu-
tion patches is many to one, the basis learning methods such
as sparse coding might suffer from the over-fitting problem.
This will cause the ambiguity that the learned bases with least
errors to represent the low resolution patch may not always
produce the best reconstruction for the high resolution patch.
In 3D, the resultant artifacts visually become more severe.

Another existing problem in depth SR is to deal with
noises. Since depth images usually are noisy, directly up-
sampling them will also magnify the noises, and produce ar-
tifacts along edges. There are many previous works on depth
image denoising such as [12, 13]. For the super resolution
purpose, in order to preserve depth edges, a bilateral filter is
utilized in the pre-processing step of SR for noise reduction in
[2]. However, from our observation, not only the noises, but
also the jagged artifacts around depth discontinuities caused
by inaccurate sampling and heavy quantization of the dispar-

ity in the original low resolution image are also magnified.
In this paper, we follow the learning based approach but

add a local constraint into the coupled dictionary learning pro-
cess which better preserves the manifold assumption and pre-
vents the dictionary from over-fitting. We also propose to ap-
ply an adaptively regularized Shock Filter to tackle the depth
image jagged noises while simultaneously reducing noises
and sharpening edges. We show that our approach leads to
better results compared to previously reported methods.

3. PROPOSED APPROACH

3.1. Coupled dictionary learning based on LLC

In this part, we develop a coupled dictionary learning ap-
proach with a locality constraint for depth image SR. Our
algorithm is patch based in which we treat images as over-
lapping 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. Gen-
erally in depth maps, which are simpler than natural images,
patches will be better expressed by several representative ge-
ometry priors. However, this also means that depth images
are more vulnerable to the dictionary over-fitting problem:
similar low resolution patches represented by the learned dic-
tionary bases with the least error may produce significantly
different high resolution patches. Therefore, inspired by the
nature of Local Coordinate Coding (LCC) [14], we could ben-
efit the dictionary learning with a locality constraint to alle-
viate this problem. Although it was proposed in [15] to ap-
proximate the locality constraint in image SR by using a fast
implementation called Locality Linear Coding, it has been
proved [16] that this incremental codebook learning algorithm
has a performance close to K-Means, and the sparsity cannot
be fully utilized especially in the depth image SR scenario.

In the following discussion, we denote upscaling a fac-
tor of by g as up-sampling the image by g ∗ g. We denote
xi = [xil, x

i
h] as the feature vector of the ith low and high

resolution patch pair. dk = [dkl , d
k
h] is the kth atom in the

learned coupled dictionary (k = 1, 2, . . . , N), whereN is the
dictionary size. cj is a coefficient vector with length N , con-
taining the weights of each dictionary atom for synthesizing
the features of jth patch pair xj .

3.1.1. Coupled dictionary learning with LCC

To learn the relationship between paired high and low resolu-
tion data, in [11], it is proposed to learn a coupled dictionary
by minimizing the objective function with a sparse regular-
izer:

min
d,c

∑
i

(‖xi − d · ci‖2 + λ
∑
j

∣∣∣cji ∣∣∣) (1)

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



equation, the first term is to minimize the error between the
patch and its dictionary approximation. The second term is
the sparsity regularization term.

The motivation of LCC is to find the dictionary bases
without violating the locality constraint. Our coupled dictio-
nary learning with LCC can be written as:

min
d,c

∑
i

(‖xi − d · ci‖2 + λ
∑
j

‖dj − xi‖2
∣∣∣cji ∣∣∣) (2)

In Eqn.(2), the second term constrains input patches to
be similar to the dictionary atoms with non-zero coefficients.
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 [14], the second
term preserves the manifold assumption and keeps the local-
ity constraint. More importantly, with the locality constraint,
for each low resolution patch, only the dictionary basis which
is most similar to it is selected, effectively preventing the dic-
tionary from over-fitting. By optimizing Eqn.(2), we can get
the learned dictionary bases for reconstruction.

3.1.2. Sparse reconstruction based on the learned coupled
dictionary

In the reconstruction stage, given the input low resolution
patch feature xil , its coefficients of the dictionary basis ci are
computed by

min
ci
‖xil − d′l · ci‖2 s.t.‖ci‖0 ≤ L (3)

where d′l is a subset of dl, which includes k dictionary
atoms with closest distance to xil and L is a threshold (k =
N/10, L = 3 in our experiments). It serves as an approx-
imation to the locality constraint. Unlike the previous work
using l1 norm as the approximate sparsity constraint [11], we
use the l0 constraint as the approximation instead because l1
norm with locality weighting imposes a very strong sparsity
constraint in learning the dictionary (Eqn. (2)).

Under the assumption that low and high resolution
patches should share the same reconstruction coefficients, we
can reconstruct the high resolution patches as

xih = d′h · ci (4)

3.2. Edge Denoising based on a regularized Shock filter

As stated before, depth maps captured by TOF cameras or
laser scanners may produce jagged edges along the depth
discontinuities due to quantization or measurement errors
(Fig 2b). If we directly apply the algorithm that we discuss
before to a raw depth image, those jagged artifacts will be
magnified (Fig 2c) and is often unacceptable in 3D.

In our algorithm, we incorporate a smoothing Shock filter
as pre-processing to remove the artifacts around edges. Shock
filter is a morphological method to iteratively enhance im-
age edges based on partial differential equations [17, 18, 19].

(a) (b) (c) (d) (e)
Fig. 2: Jagged artifacts and Shock filter result. (a) Original low-res
image. (b) A patch from (a). (c) The same patch from the high-res
image directly reconstructed by the method we propose before. (d)
Using bilateral filter and (e) Using Shock filter, in the pre-processing.
(Note: the contrast of patches is adjusted for better comparison.)
Compared to other edge preserving methods such as bi-
lateral filter, Shock filter also has the advantage of keep-
ing edges non-oscillatory, which can effectively remove the
jagged noises in our scenario. In our approach, we use the
regularized Shock filter similar to [20], which not only en-
hances edges but also smoothes out noises as well:

It = − 2

π
arctan(a · Im(

I

θ
)) |∇I|+ αIηη + βIξξ (5)

where a, θ, α, β are tunning parameters. Iηη and Iξξ stand
for diffusion in the normal and tangent direction. It is the
evolution of image I 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 re-
spectively. In our approach, we modify the above equation by
adaptively changing weights of the diffusion terms. Since we
want to preserve the edge as much as possible, we therefore
minimize the impact of smoothing in the gradient direction
by setting its weight (α) to be very small (α=0.01 in our algo-
rithm). Smoothing in the tangent direction can effectively al-
leviate jagged noises, but we don’t want to over-smooth other
regions, we thus adaptively adjust the value of β as follows:

βi,j =

{
3K, if pixel(i, j) ∈ jagged region \ corner region;
K, otherwise.

(6)

The jagged region is defined as follows: we first adap-
tively subdivide the depth image using the quadtree structure.
We represent the quadtree as a pointer based tree where each
non-leaf node 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.
As a result, the maximum subdivision occurs along the edges.
We take the region containing nodes generated in the last two
subdivisions as the jagged region. Since corners should not
be over-smoothed, we exclude the corner regions from the
extracted jagged regions (result is shown in blue in Fig. 3a).
From experiments we found that the filtering result after the
quadtree subdivision is more consistent than that of edge de-
tection algorithms because the quadtree subdivision considers
the homogeneous regions instead of single pixels. In Fig. 3b,
we extract two lines (red and green) and plot the correspond-
ing pixel values in Fig. 3c. From it, we can see that Shock
filter can effectively smooth the jagged edges while well pre-
serve the image structure. Using bilateral filter cannot remove
the jagged edge artifacts as shown in Fig. 2d.



(a) (b)

(c)
Fig. 3: Results of using Shock filter. (a) Quadtree subdivision. (c)
Top: red line samples in (b). Bottom: green line samples in (b).
(Best viewed in color.)

4. IMPLEMENTATION DETAILS

The complete algorithm we propose for depth image super
resolution is summarized as follows: Given an input low res-
olution depth image, we want to upscale it by a factor of g.

4.1. Pre-processing

We first apply an iterative bilateral filter to fill up holes in the
low resolution depth image. Then the regularized Shock filter
is performed to remove jagged edge artifacts and noises in the
depth image. We further upscale the filered result using bilin-
ear interpolation and then divide it into overlapped patches.

4.2. Coupled Dictionary Learning Optimization

In the training stage, we first smooth and down-sample the
high resolution images yh in the training dataset by a factor
of g. Then we upscale them back to the original resolution us-
ing bilinear interpolation to get yl and divide yl into patches.
Similar with [11], we compute the 1st and 2nd-order deriva-
tives of yl as the features of low resolution patches (4 filter re-
sponses). The feature of high resolution patches is extracted
by removing its low frequency component as fh = yh − yl.
We then stack the features of the low resolution and its corre-
sponding high resolution patches into vectors xi = [xil, x

i
h].

(xil has a dimension of 4mn, xih has a dimension of mn).
We then learn a coupled dictionary with the locality con-

straint by minimizing Eqn.(2). Since Eqn.(2) is non-convex,
we iteratively update d and c until it converges. The process
is summarized in Algorithm 1.

Algorithm 1: Learn a coupled dictionary with LLC
Input: Coupled Low-res and High-res patches x
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.(2) by solving a Lasso
problem for each ci:

ci = arg min
αi

(‖xi − d(Ω−1i αi)‖2 + λ |αi|)

where Ωi = diag(‖d− xi‖2) and αi = Ωi · ci
Update d :
Fix c, minimize Eqn.(2) using gradient descent to
get the optimal d.

end
Return d

4.3. Super Resolution Reconstruction

After the coupled dictionary is learned, in testing, we extract
features of the low resolution patches in the same way as dis-
cussed above. Optimal coefficients ci of the dictionary basis
is computed (Eqn.(3)) using the OMP algorithm [21] and then
high resolution patches are estimated by Eqn.(4). Finally, we
convert the reconstructed high resolution patches back into
pixel space by adding its bilinear interpolation counterpart
and put them together by averaging pixel values in the over-
lapped region to reconstruct the high resolution image.

5. EXPERIMENTAL RESULTS

In this section, we perform experiments on single depth im-
ages obtained from multiple sources such as TOF camera
(Camcube Camera), laser scanner and Middlebury Stereo
data [22]. For training dataset, we use the synthesized depth
data mentioned in [2]. We train a coupled dictionary with
size of 1000 for different scales g. We select the patch size
as [m,n]=[3g, 3g]. We set the parameters in all of our exper-
iments as a = 0.4, θ = π/1000, α = 0.01 and K = 0.5.
We will show some of the experimental results using our al-
gorithm both visually and quantitatively.

5.1. Quantitative Results

We compare our results with learning based methods [11, 1,
15] and example based methods [2] using the source code
provided by the authors. We also compare our results with
the effect of different edge preserving filters. We first test our
algorithm for the laser scanner data [2] with a scaling fac-
tor of 4. RMSE results for different methods are listed in



Table 1: RMSE Comparision on the Laser Scanner Data with Dif-
ferent 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 in [11] 0.0290 0.0350 0.0540
K-SVD based in [1] 0.0168 0.0158 0.0380

M. etc in [2] 0.0200 0.0170 0.0400
C. etc. in [15] 0.0165 0.0159 0.0379

Our (w/o filter) 0.0156 0.0157 0.0369
Our (with bilateral filter) 0.0153 0.0157 0.0377
Our (with Shock filter) 0.0150 0.0144 0.0348

Table 1. From the result, we can see that our proposed algo-
rithm outperforms other approaches. Also, applying Shock
filter provides a better RMSE performance compared to re-
sults without Shock filter or with bilateral filter. Since the
depth images from laser scanners are relatively clean, bilateral
filtering does not get much improvement, while using Shock
filter does make a difference in removing jagged artifacts.

We also compare our performance with others for the
Middlebury Stereo dataset obtained using structure light with
a scaling factor of 3 and 4 in Table 2. Note that all the
depth images in the Middlebury dataset are scaled to the range
of [0, 1], which is different from that reported in [2]. For
depth images in the Middlebury dataset, we down-sample
the ground truth using nearest neighbor interpolation to cre-
ate low resolution images. From the results, our approach is
again the top performer among the compared methods. We
also show the SSIM comparisons on the Middlebury dataset
in Table 2. It should be noted that from the table the trivial
methods such as the nearest neighbor interpolation perform
numerically well but perceptually they exhibit strong artifacts
such as jagged edges which will be shown in the next section.

5.2. Visual Results

We compare our results with others visually as shown in Fig. 1
and Fig. 4. In Fig. 1, it shows the SR results of a low reso-
lution depth map captured by a TOF camera with a factor of
4. Due to measurement errors, the depth map also contains
noises. In Fig. 4(a)-(e), the depth map is from Middlebury.
The result is upscaled by 3. In Fig. 4(f)-(j), it shows the part of
the depth image captured by the laser scanner with a scaling
factor of 4. From the visual results, we can see that our result
is also visually better than the previously reported approaches.
In the noisy TOF camera data, the sparse coding method [1]
is sensitive to noises since without the locality constraint, the
learned dictionary is more likely to be over-fitting, thus pro-
ducing larger errors. Also, this method magnifies the jagged
noises along edges. In the patch based method [2], since ev-
ery patch finds its most similar patch directly from the training
data, the synthesized patches are not robust, producing irreg-
ular edges in the zoomed region. In our method, the jagged
noises along edges are effectively eliminated by Shock fil-
ter. With the local constraint, our algorithm is more robust to
noises and thus generates better visual results.

To better demonstrate the effectiveness of our algorithm,
we also project depth images into 3D space shown in Fig. 5.
The 3D result in Fig. 5(a)-(d) is from the reconstructed depth
image in Fig. 1. In Fig. 5(e)-(h), the 3D view is from the laser
scanner data. We use the implemented Ball Pivoting algo-
rithm in Meshlab to reconstruct a 3D surface representation.
From the 3D result, we can see that for the method in [1], the
result is corrupted by noises, and the patch based method [2]
suffers block artifacts in the 3D view. Our result is visually
much better than the previously reported methods: the noisy
surface is smoothed while sharp edges are well preserved.

6. CONCLUSION

In this paper, we propose a new algorithm to improve single
depth image super resolution. We introduce a locality con-
straint in the coupled dictionary learning process to train a
more robust dictionary. Moreover, we use an adaptively regu-
larized Shock Filter to tackle the jagged edge problem without
introducing blurry artifacts around the depth discontinuities.
Experimental results demonstrate the effectiveness of our pro-
posed algorithm compared to previous reported methods.
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