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Abstract— In this paper, we propose a novel depth restoration
algorithm from RGB-D data through combining characteristics
of local and non-local manifolds, which provide low-dimensional
parameterizations of the local and non-local geometry of depth
maps. Specifically, on the one hand, a local manifold model
is defined to favor local neighboring relationship of pixels in
depth, according to which, manifold regularization is introduced
to promote smoothing along the manifold structure. On the
other hand, the non-local characteristics of the patch-based
manifold can be used to build highly data-adaptive orthogonal
bases to extract elongated image patterns, accounting for self-
similar structures in the manifold. We further define a manifold
thresholding operator in 3D adaptive orthogonal spectral bases—
eigenvectors of the discrete Laplacian of local and non-local
manifolds—to retain only low graph frequencies for depth maps
restoration. Finally, we propose a unified alternating direction
method of multipliers optimization framework, which elegantly
casts the adaptive manifold regularization and thresholding
jointly to regularize the inverse problem of depth maps recovery.
Experimental results demonstrate that our method achieves
superior performance compared with the state-of-the-art works
with respect to both objective and subjective quality evaluations.

Index Terms— Depth restoration, RGB-D data, manifold
model, manifold regularization, manifold thresholding.

I. INTRODUCTION

DEPTH maps characterize per-pixel physical distance
between objects in a 3D scene and a capturing camera.
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Sensing an accurate depth map is a fundamental task in many
computer vision and image processing applications, such as
3DTV, virtual reality, robotics, and autonomous navigation
etc. Nowadays, inexpensive RGB-D cameras, such as Time of
Flight (ToF) camera [1] and Microsoft Kinect [2], are ubiqui-
tous and have enabled a large suite of consumer applications.

However, due to the limitations of current depth sensing
technologies, the captured depth maps may experience various
quality degradations, leading to much lower quality com-
pared against their color image counterparts. For instance,
the acquired depth maps by ToF camera suffer from noise and
much lower resolution compared with the companion RGB
images, which is referred to as ToF-like degradation. Due to
the disparity between the projector and the sensor, the acquired
depth maps by Kinect contain structural missing along depth
discontinuities and random missing in flat areas, which is
referred to as Kinect-like degradation. Therefore, it is an
essential task to develop an effective depth restoration scheme
to handle various depth degradations, so as to better support
the further applications of depth. In this work, we consider
depth restoration on three typical depth quality degradations,
including undersampling, ToF-like degradation, and Kinect-
like degradation.

Depth restoration is an ill-posed problem, which requires
additional information in order to achieve satisfactory perfor-
mance. The pipeline of multi-information fusion has recently
drawn increased attention and has provided valuable insights
in the design of powerful depth restoration algorithms. Many
works follow the direction of multi-depth fusion, which
attempts to combine multiple displaced degraded depth maps
into a single higher quality depth map [3]–[7]. For example,
Schuon et al. [7] proposed to fuse multiple low-resolution
depth maps by an optimization framework, in which the cam-
era sensor characteristics are considered. Hahne and Alexa [3]
combined depth maps taken with different exposure time to
produce high quality depth maps. Kim et al. [5] proposed to
combine information from multiple color cameras and depth
sensors to generate acceptable results for 3D reconstruction.
Choi et al. [6] proposed to improve the quality of multiple
view depth maps by increasing its spatial resolution and
enforcing interview coherence, which can suppress noise at the
same time. However, these methods are based on the assump-
tion that the scenes are static. In many practical scenarios,
the scenes are more often dynamic.
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Another promising research direction is to fuse the captured
data including color and depth information. RGB-D cameras
allow access to both color and depth images, enabling the pos-
sibility of exploiting the associated high-quality color image to
improve the lack of accuracy of depth [8]–[10]. In this paper,
we focus on depth restoration from RGB-D data.

There are many works following this line in a filtering-
based fashion. For instance, joint bilateral filter [9], edge
guided filter [11], etc. These methods proposed various strate-
gies to model the relationship between depth map and its
corresponding color image. However, despite there are close
connections between depth maps and color images, they have
strikingly different characteristics. A typical RGB color image
has rich texture information reflecting the physical attributes
of a surface, while a depth map is piecewise smooth: it
contains sharp edges, e.g., boundaries between foreground
objects and background, and within the edges the surfaces
are varying smoothly. When the color discontinuities are not
consistent with those in depth, these methods may produce
texture copy artifacts and lead to blurring in depth discon-
tinuities [12]. In another way, some methods try to recover
depth in an optimization-based approach, which incorporates
prior models that have demonstrated their validity in natural
image restoration. For example, Yang et al. [13] proposed a
color-guided depth restoration scheme based on the autore-
gressive (AR) model that has be successfully applied in other
image processing tasks [14]–[17]. In AR model computation,
the color information is introduced as guidance to improve
the robustness to noise. However, this method only considers
the local smoothness property of depth, and thus cannot
preserve the large-scale edges well. Dong et al. [10] proposed
an optimization scheme for depth recovery that jointly utilizes
the AR model, the total-variation (TV) model and the low-rank
model, which are all widely used in natural image restoration.
Although this method achieves remarkable depth recovery
performance, it lacks a unified perspective for depth signal
modeling. More importantly, it is not always true that using
more priors leads to better restoration performance. The final
performance relies on whether the priors used are comple-
mentary. In [10], both AR model and TV model are exploited.
However, the AR model promotes piecewise smooth, while the
TV model promotes piecewise constant. Therefore, they are
not complementary but a little conflicting. Combining them
together results in blurred edges in the restored depth.

Could one offer a more systematic way to exploit the
abundance of image statistical models to treat a broad family
of depth restoration problems? As a response, in this paper,
we propose a powerful depth restoration algorithm from
RGB-D data in a single low-dimensional manifold modeling
framework, which is able to handle various depth degradations.
On the one hand, local manifold model is defined to favor
local neighboring relationship of pixels in depth, according
to which, manifold regularization is introduced to promote
smoothing along the local manifold structure. On the other
hand, we define a 3D thresholding operator in data-adapted
orthogonal manifold spectral basis, which are eigenvectors
of the discrete Laplacian on local and non-local manifolds,
to enforce the strict sparsity of the decomposition of signal on

the manifold spectral bases. Thus, only low graph frequencies
are retained for depth maps recovery. We further provide
an analysis about the pros and cons of regularization and
thresholding on manifolds, which serves as the motivation to
couple them together. Finally, we cast them into a unified
ADMM optimization process to achieve the best of both
worlds. To the best of our knowledge, the mechanism of
manifold-based modeling for depth recovery has not been fully
investigated. We are the first in the literature to use manifold
models for inverse depth recovery problems.

The outline of the paper is as follows. In Section II, we first
provide image formation model, and then define local and non-
local manifold models. In Section III, we elaborate the pro-
posed manifold regularization and thresholding strategies. We
introduce the unified optimization framework in Section IV.
Finally, experimental results and conclusions are presented in
Section V and VI, respectively.

II. PROBLEM FORMULATION AND MANIFOLD MODELS

In this section, we first present the image observation model
in depth degradation, according to which it can be found that
depth restoration is an ill-posed problem. Then we define the
local and non-local manifold models, which serve as the prior
models for addressing such an ill-posed problem.

A. Image Observation Model

We define a depth map as a finite dimensional vector f ∈
R

m×n , which is a mapping f : � → R where � is the sampling
grid in spatial domain. Similarly, we define the guidance image
g ∈ R

m×n : � → R, which is the intensity of the counterpart
color image.

The problem of depth map restoration can be formalized as
the reconstruction of f from its corrupted observation y

y = Hf + n (1)

where n is the noise. The operator, H, typically accounts for
some degradations to the depth image, for instance, blurring,
downsampling or pixel missing.

As indicated by Equation (1), depth map recovery is an
ill-posed inverse problem. One needs to define an additional
prior model to make this problem tractable. In recent years,
low-dimensional manifold model has received more and more
attention in the field of image processing [18]–[23]. In our
work, we consider local and non-local manifold models, which
provide low-dimensional parameterizations of the local and
non-local geometry of depth maps. These manifold models
are coupled together to regularize the inverse problem of
depth maps recovery. The restored depth is represented as a
smooth curve or surface traced on manifolds that matches the
observation. In the following, we introduce the definitions of
the local and non-local manifold models, which are the prior
models used in the proposed scheme.

B. Local and Non-Local Manifold Models

The definition of manifold model relies on the lifting
function φ f , which maps pixels in depth f to samples in a
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high dimensional set. Generally, φ f is defined as

φ f : i ∈ � �→ φ f (i) ∈ M ⊂ R
d (2)

The set M can be considered as being sampled along a
low-dimensional manifold embedded in the high dimensional
feature space R

d . In the following, we define the local and
non-local manifold models using specified lifting functions.

1) Local Manifold Model: The local manifold model Ml

is designed to reflect the geometry of f that favors some
local neighboring relationships in �. This is done through the
following low-dimensional lifting

φ f (i) = (i, f (i)) ∈ Ml ⊂ � × R ⊂ R
3, (3)

which is similar with the bilateral filter that considers both
spatial position and pixel value as the features. Thus the feature
space is with the dimension d = 3, where i includes the x-axis
and y-axis coordinates.

We further define the diffusion kernel Wl(i, j) to reflect
the similarity between points on the local manifold. To make
it more robust to noise, the diffusion kernel between a pair
of points in manifold is determined not solely by their pixel
values and spatial adjacency, but also by the counterpart color
information. Specifically, Wl (i, j) is defined as

Wl(i, j) = exp

�
− �i − j�2

2

2σ 2
p

�
exp

�
− � f (i) − f ( j)�2

2

2σ 2
s

�

× exp

�
− �g(i)−g( j)�2

2

2σ 2
c

�
∀i ∈ �, j ∈N (i) (4)

where N (i) represents the local neighborhood of i . For
points k outside N (i), Wl (i, k) = 0. In the above definition,
�i − j�2

2 measures the geometric distance between two points
i and j in �, � f (i) − f ( j)�2

2 measures the photometric dis-
tance between i and j in depth map, �g(i) − g( j)�2

2 measures
the photometric distance between i and j in the guidance
image. The parameters σp , σs and σc control the sensitivity of
the weights to the geometric and photometric distances.

Given Wl(i, j), the diffusion matrix Wl , where Wl(i, j) =
Wl( j, i), and the diagonal matrix D, where Dl(i, i) =�

j Wl(i, j), can be defined. Wl and Dl are called the adja-
cency matrix and the degree matrix in graph signal process-
ing [24], [25], respectively. We then derive the Laplacian
matrix as

Ll = Dl − Wl (5)

which plays an important role in describing the underlying
structure of the manifold and will be used to define the mani-
fold regularization in the next section. Since the measurement
of points similarity in (4) considers spatial adjacency, both Wl

and Ll are sparse matrices.
2) Non-Local Manifold Model: The non-local manifold

model Mnl is designed to exploit the non-local similarity
relationship of pixels. For any pixel i in f , we extract a s × s
patch Ri f around it, where Ri is a matrix extracting a patch
from i . Accordingly, the lifting function is defined as

φ f (i) = Ri f ∈ Mnl ⊂ �2(�s×s) ⊂ R
s2

. (6)

The set of patches {Ri f}i∈� can be thought as a set in a
high-dimensional space whose geometry reflects the non-local
features of f . Note that we only exploit the information of
depth in the definition of non-local manifold model.

For the non-local manifold Mnl , the features are local
patches, then the diffusion kernel is defined as

Wnl (i, j) = exp

�
−

��Ri f − R j f
��2

2

2σ 2

�
, (7)

where
��Ri f − R j f

��2
2 measures the similarity of two patches

Ri f and R j f around i and j .
Similar to the local manifold, we can define the Laplacian

matrix for the non-local manifold as

Lnl = Dnl − Wnl . (8)

The nonlocal characteristics of patch-based manifold can be
used to build highly data-adaptive orthogonal basis to extract
elongated image patterns. Specifically, because Lnl is sym-
metric and real, it can be eigen-decomposed into orthogonal
vectors with real eigenvalues

Lnl = U�U� (9)

where U = {uk} is a set of orthogonal eigenvectors, with
corresponding non-negative eigenvalues {ηk} which are the
entries of a diagonal matrix �. The eigen-matrix U constitutes
the manifold spectral bases, which is adaptive to the signal on
manifold. Non-negative eigenvalues {ηk} can be interpreted
as graph frequencies with small ηk corresponding to low-
frequencies, and eigenvectors U interpreted as corresponding
graph frequency components.

III. REGULARIZATION AND THRESHOLDING

ON MANIFOLDS

With the local and non-local manifolds defined in the last
section, in this section, we detail the proposed variational
manifold regularization and thresholding strategies. Then we
study the pros and cons of these two strategies, which offer
the motivation of the proposed joint regularization and thresh-
olding framework in the next section.

A. Manifold Regularization

We design a manifold regularization scheme on the local
manifold Ml to recover the depth map f by addressing the
following minimization problem

f∗ = arg min
f

�y − Hf�2
2 + λf�Ll f (10)

where the second term can be rewritten as

f�Ll f = 1

2

�
i

�
j

( f (i) − f ( j))2Wl (i, j). (11)

It is apparent that f�Ll f is small if the recovered depth f has
similar values at two neighboring points along Ml , or the
diffusion kernel Wl(i, j) is small. Therefore, by minimizing
f�Ll f , signal f is smoothened along the local manifold struc-
ture. f is considered smooth if each sample f (i) on point i
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is similar to samples f ( j) on neighboring points j with large
Wl(i, j).

On the other hand, according to the spectral graph the-
ory [26], [27], the manifold regularization term can be rep-
resented in the spectral domain

f�Ll f = α��lα = �
k

ηlk α2
k . (12)

where α = U�
l f is the graph Fourier transform (GFT)

coefficients, Ul and �l are the spectral bases and eigenvalues
derived from Ll in a similar way as (9). It means that f�Ll f
can be written as a sum of squared GFT coefficients α2

k
each scaled by the frequency ηlk . By minimizing f�Ll f , f is
promoted to contain mostly low graph frequency components.

B. 3D Manifold Thresholding

Besides the regularization approach, another popular strat-
egy for image restoration is to decompose the signal in an
orthogonal base and manipulate each coefficient indepen-
dently [28]. For the non-local manifold Mnl , we drive an
orthogonal manifold spectral bases U = {uk} in (9). Based
on U we map the image signal to a transform domain, and
perform hard thresholding on the transform coefficients, which
are then inversely transformed to the pixel domain to get
the recovered image. This manifold thresholding process is
formulated as

fτ =
�

k

Sτ (
f, uk�)uk = Sτ (
f, U�)U (13)

where Sτ is the hard thresholding operator

Sτ (x) =
�

x if x > τ

0 o.w.
(14)

The success of manifold thresholding relies on the assump-
tion that, the manifold spectral bases are highly data-adaptive,
resulting in efficient approximations that most energy is con-
centrated in low frequencies. However, in practice, the set Mnl

usually has a complex structure with a non-trivial topology,
which prevents it from being globally a smooth manifold. It is
well-known that high-contrast patches are likely to concentrate
in clusters [29]. We then divide Mnl into many sub-manifolds,
each of which retains only similar patches and thus is smooth.
Note that, patches in the same cluster may distribute over the
whole image domain, thus, these sub-manifolds are still non-
local ones.

For each sub-manifold, we define more adaptive spectral
bases to achieve better thresholding-based restoration per-
formance. Specifically, we propose to extend the manifold
thresholding to 3D form on both local and non-local manifolds
to exploit the properties of local smoothness and non-local
self-similarity simultaneously, so as to design a powerful
collaborative filter to remove noise in depth maps efficiently.

For a patch around the pixel i , we look for a set of similar
patches Pi = {R j f |Wnl(i, j) > ς}, where ς is the similarity
threshold. For this sub-manifold, the proposed 3D manifold
thresholding is performed according to the following steps:

• For the column c of Pi , which is a patch pic , we compute
the diffusion kernel as

W c
i (x, y) = exp

�
−�x − y�2

2

2σ 2
p

�

× exp

�
−�pic(x) − pic(y)�2

2

2σ 2
s

�
(15)

where x and y are two pixel positions in pic . We then
define the Laplacian matrix L(c)

i = D(c)
i −W(c)

i , and derive
the specific spectral basis U(c)

i according to (9);
• We then perform manifold thresholding on the patch pic :

�pic = Sτ

	

pic, U(c)

i

��
U(c)

i (16)

which is designed on the local manifold to exploit the
intra-patch correlation.

• For each row r of Pi , which are a set of pixels pi (r) on
the same position across patches in Pi , we compute the
diffusion kernel according to the intensity similarity

Wr
i (x, y) = exp

�
−

��pix (r) − piy(r)
��2

2

2σ 2
s

�
(17)

where x and y represent patch indices in Pi . Similarly,
we compute the Laplacian matrix L(r)

i and derive the
manifold spectral basis U(r)

i .
• We then perform manifold thresholding on the pixel set

pi (r) :

�pi (r) = Sτ

	

pi (r), U(r)

i

��
U(r)

i (18)

which is designed on the non-local manifold to exploit
the inter-patch correlation.

Through the above procedures, we update patches in Pi , and
return them to their original positions. Since the extracted
patches are overlapped, we obtain many different estimates
for each pixel, which are further averaged to get the final
recovered depth map.

C. Analysis of Pros and Cons

According to Equation (12), in manifold regularization,
all frequencies weighted by squared transform coefficients
contribute to the final estimate. However, when the image
is corrupted by noise, which behaves like high frequencies,
manifold regularization cannot remove noise very well. In con-
trast, the approach of manifold thresholding works in a hard
thresholding fashion, which enforces the strict sparsity of the
decomposition of signal on the manifold spectral bases, and
retains only low graph frequencies for depth maps recov-
ery. Considering noise is concentrated on high frequencies,
manifold thresholding achieves satisfactory performance in
denoising. However, it would lead to over-smoothing effect
in other restoration tasks, such as upsampling, since edge
structures are also corresponding to high frequencies.

According to this analysis, it can be found that the pros of
manifold regularization and thresholding are complementary.
It inspires us to couple them together, so as to remedy the cons
and achieve the best of both worlds, i.e., preserving useful
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TABLE I

QUANTITATIVE PERFORMANCE COMPARISON[IN PSNR(dB)]
FOR UPSAMPLING WITHOUT NOISE

high-frequencies of edge structures while removing unwanted
high-frequencies of noise.

IV. JOINT ADAPTIVE REGULARIZATION AND

THRESHOLDING ON MANIFOLDS

As explained in the last section, it is necessary to combine
manifold regularization and thresholding together. In this
section, we propose a unified framework for depth maps
restoration, which elegantly incorporates adaptive regulariza-
tion and thresholding on manifolds jointly into the ADMM
optimization process [30], [31]. In the following, we present
in detail the final objective function and how to optimize it.

Specifically, according to the image formation model, our
task is to find the optimal recovered depth map f∗ by address-
ing the following optimization problem

f∗ = arg min
f

�y − Hf�2
2 + β1M1 (f) + β2M2 (f) . (19)

where M1 (f) and M2 (f) are two priors corresponding to
the manifold models stated in the last section. β1 and β2 are
the regularization parameters, which are introduced to achieve
more flexibility. By adding a variable splitting technique,
the optimization problem becomes

f∗ = arg min
f

�y − Hf�2
2 + β1M1 (v1) + β2M2 (v2) .

s.t ., f = v1, f = v2 (20)

where v1 and v2 are two auxiliary variables that will help to
simplify the solution to this problem.

TABLE II

QUANTITATIVE PERFORMANCE COMPARISON[IN PSNR(dB)] FOR THE
TOF-LIKE DEGRADATION(UNDERSAMPLING WITH NOISE)

This optimization problem can be solved using ADMM [31]
by constructing an augmented Lagrangian

L = �y − Hf�2
2 + β1M1 (v1) + β2M2 (v2)

+ λ1 �f − v1 + u1�2
2 − λ1 �u1�2

2

+ λ2 �f − v2 + u2�2
2 − λ2 �u2�2

2 . (21)

Minimizing (21) is equivalent to iterating through the follow-
ing three steps until convergence:

A. Optimization of f

When v1, v2 and u1, u2 are fixed, we solve the following
�2-minimization for f

fk+1 = arg min
f

�y − Hf�2
2 + λ1

���f − vk
1 + uk

1

���2

2

+ λ2

���f − vk
2 + uk

2

���2

2
(22)

which has a closed-form solution.

B. Optimization of v1 and v2

When f and u1, u2 are fixed, v1 and v2 can be derived by
addressing the following optimization

vk+1
1 = arg min

v1

β1M1(v1) + λ1

���v1 − (fk+1 + uk
1)

���2

2

vk+1
2 = arg min

v2

β2M2(v2) + λ2

���v2 − (fk+1 + uk
2)

���2

2
(23)
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Fig. 1. Visual quality comparison of 8× upsampling degradation on Laundry. (a) the ground truth, (b) Bicubic, (c) AR, (d) LN, (e) RCG, (f) the proposed
method. As illustrated, the result of Bicubic is too smooth; AR cannot preserve edges well; in the blue region, LN has some jagged artifact around the edge;
RCG produces over-smoothed result; our method produces clearer and sharper edges compared with other methods.

which are actually two denoising steps with different priors.
We address them by the proposed manifold regularization and
thresholding methods.

Specifically, v1 and v2 are regarded as two images. For v1,
we compute the Laplacian matrix Lv1 on a local manifold.
The optimization of denoising of v1 can be formulated as

vk+1
1 = arg min

v1

β1vT
1 Lv1 v1 + λ1

���v1 − (fk+1 + uk
1)

���2

2
(24)

The solution can be solved via the following system of linear
equations:


λ1I + β1Lv1

�
v1 = λ1

	
fk+1 + uk

1

�
(25)

where I is the identity matrix. One can show via Weyl’s
inequality that the matrix on the left is symmetric, sparse,
and positive definite, and thus v1 can be solved efficiently
via numerical methods like conjugate gradient [32] without
matrix inversion. For v2, we address the denoising problem
by the proposed 3D manifold thresholding in the last section.

C. Update u1 and u2

The two Lagrangian multipliers are then updated by

uk+1
1 = uk

1 + fk+1 − vk+1
1 ,

uk+1
2 = uk

2 + fk+1 − vk+1
2 . (26)

The above procedures are repeated until the preset maxi-
mum iteration number is arrived. Finally, we get the restored
depth map f .

V. EXPERIMENTATION

In this section, we provide extensive experimental results to
demonstrate the superior performance of the proposed depth
maps restoration method on both synthetic and real-world data
sets. The proposed method is compared with one classical
and three state-of-the-art depth maps restoration methods,
including 1) Bicubic, 2) the color-guided auto-regressive (AR)
model [13], 3) joint local structure and nonlocal low-rank
regularization (LN) [10], and 4) the robust color-guided
model (RCG) [12]. The source codes of AR, LN and RCG
are kindly provided by their authors. We follow the parameter
setting suggested by their authors for different experiments.
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Fig. 2. Visual quality comparison of 8× upsampling degradation on Reindeer. (a) the ground truth, (b) Bicubic, (c) AR, (d) LN, (e) RCG, (f) the proposed
method. As illustrated, although globally our result looks better, in the blue region, it is a little more blurry than LN and RCG; in the red region, our result
includes more details and is much closer to the ground truth compared with other results.

A. Experiments on Datasets With Synthetic Degradations

The test depth maps in our experiments are selected from
the Middlebury Stereo dataset,1 including Art, Book, Moebius,
Reindeer, Laundry and Dolls. Three kinds of typical degra-
dations are simulated: undersampling, ToF-like degradation
(undersampling with noise), Kinect-like degradation (struc-
tural missing along depth discontinuities and random missing
in flat regions).

1) Undersampling Degradation: In this case, the degradation
matrix H represents the operation that first blurs the ground
truth image with a Gaussian kernel and then downsamples
it to the desired resolution. The noise n is zero. We test the
upsampling performance with four up-sampling ratios, includ-
ing 2×, 4×, 8×, and 16×. Table I presents the quantitative
results in terms of PSNR values at four upsampling rates. The
best results are highlighted in bold. It can be seen that our
method achieves the highest PSNR in most cases. Specifically,
compared with the second best results (LN), our method
achieves average PSNR gains as 5.32dB (2×), 2.13dB (4×),
1.34dB (8×) and 0.43dB (16×) for four rates, respectively.

1http://vision.middlebury.edu/stereo/data/

Fig. 1 and Fig. 2 show the visual comparison of
8× upsampling for test image Laundry and Reindeer respec-
tively. To clearly show the details, two cropped patches are
displayed at the bottom of the corresponding images. It can
be observed that the results of Bicubic are very smooth. The
AR method cannot preserve large-scale edges well. The results
of the LN method have some jagged artifact around the edges,
as shown in the blue region of Laundry, due to the conflict of
the used AR model and TV model. The RCG method produces
over-smoothed results. The quality of produced edges is bad.
Among the five compared methods, the proposed method
achieves the best visual results in Laundry, in which the
edges are clearer and sharper than other methods. In Reindeer,
as highlighted by the red region, our method produces more
details and is much closer to the ground truth compared with
other results. The edge and details preservation benefit mainly
from the proposed manifold regularization, which promote
smoothing along the manifold structure.

2) ToF-like Degradation: In this case, the degradation matrix
H is the same as the one in Undersampling Degradation.
n represents the white Gaussian noise. In order to simulate
ToF-like degradation, we first downsample the data set at four
upsampling rates, and then add Gaussian noise with a variance
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Fig. 3. Visual quality comparison of ToF-like degradation on Dolls. (a) the ground truth, (b) Bicubic, (c) AR, (d) LN, (e) RCG, (f) the proposed method.
As illustrated, in the blue region, AR and LN cannot preserve details and edges well; RCG over-enhanced edges, as shown in the red blue; our method is
much closer to the ground truth compared with other results.

of 5 to the downsampled datasets. Table II summarizes the
quantitative depth map restoration results of the five compared
methods. Again, our method achieves the highest PSNR per-
formance for most cases. The LN method achieves the second
best result, since it incorporates the low-rank prior which
models the non-local similarity property well, and thus is able
to suppress noise. Compared with LN our method achieves
average PSNR gains as 5dB (2×), 3.54dB (4×), 2dB (8×)
and 1.25dB (16×) for four rates, respectively. The average
gains are improved for each rate compared with the case of
upsampling without noise. This demonstrates the ability of our
method in handling more complex depth degradation.

In Fig. 3 and Fig. 4, we provide the visual comparison
results on Dolls and Moebius under ToF-like degradation with
8× upsampling rate. In this case, the results of Bicubic are
very noisy. The AR method produces blurring artifacts along
depth discontinuities, since the AR model coefficients are
easily affected by noise. Moreover, in the regions where color
and depth are not consistent with each other, the result of AR
deviates from the ground truth. The LN method removes noise
well, however, it leads to over-smoothing. As highlighted by
the blue region of Fig. 3, some details are removed in the result
of LN. The edges produced by LN are not sharp, as shown in

the red region of Fig. 3. RCG achieves better results in details
and edge preservation than AR and LN. However, as shown in
the blue region of Fig. 4, RCG produces noticeable artifacts
in the smooth regions. Our scheme achieves the best results
in both smooth and detail regions, which are much closer
to the ground truth compared with other results. This owes
to the proposed joint adaptive regularization and thresholding
framework on local and nonlocal manifolds, which is able
to preserve useful high-frequencies of edge structures while
removing unwanted high-frequencies of noise.

3) Kinect-like Degradation: In this case, the degradation
matrix H indicates the positions of missing pixels. The noise
n is zero. We simulate the Kinect-like degradation by creating
structural missing along depth discontinuities and random
missing in flat areas. This degradation is more challenging
than the former two ones. The PSNR comparison results of
this kind of degradation are shown in Table III. It can be
observed that our method achieves the highest PSNR values in
all cases, which further demonstrates the superior performance
of our method.

For the visual quality comparison, we show the results
on two test images Art and Dolls in Fig. 5 and Fig. 6
respectively. All the compared methods achieve good
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Fig. 4. Visual quality comparison of ToF-like degradation on Moebius. (a) the ground truth, (b) Bicubic, (c) AR, (d) LN, (e) RCG, (f) the proposed method.
As highlighted by the blue region, RCG produces over-enhanced edges; our method is closer to the ground truth. As highlighted by the red region, our method
produces less artifact in the smooth region.

TABLE III

QUANTITATIVE PERFORMANCE COMPARISON[IN PSNR(dB)] FOR
THE KINECT-LIKE DEGRADATION (STRUCTURAL

MISSING AND RANDOM MISSING)

restoration performance for random missing in flat areas.
However, for the structural missing, as illustrated in Fig. 5,
AR and RCG produce jagged artifacts around edges. The LN
method produces over-smoothed results, as shown in the blue
and red regions of Fig. 5 and Fig. 6. Our method generates the
best visual results, in which the recovered edges are cleaner
and sharper compared with other results. This result benefits
from the proposed manifold thresholding, which builds highly
data-adaptive orthogonal bases to extract elongated image
patterns, and thus is able to recover structures well.

B. Experiments on Real-World Data

We also applied the proposed depth restoration method
on real-world depth maps captured by Kinect sensors. The
degradation process is not clear now. The test images used
in our experiments includes two images from NYU RGB-
D dataset. Since there is no ground truth for quantitative
comparison, we provide visual comparison results. For the first
test image, as shown in Fig. 7, there are many holes in the
result of AR. LN blurred the contour of object, as highlighted
in the blue region. RCG produces over-smooth result. The
edges in our result are cleaner and sharper compared with other
results. For the second test image, as shown in Fig. 8, in the
blue region, LN destroys the contour of the object. RCG again
produces over-smooth result. Again the edges in our result are
cleaner and sharper compared with other results. Our method
preserves more high-frequency details due to the joint scheme
of manifold regularization and thresholding.

C. Parameter Settings

To promote reproducible research, we describe in details the
parameter setting in our experiments. Since we consider three
degradation cases and four upsampling rates, the parameter
setting seems a little complicated.
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Fig. 5. Visual quality comparison of Kinect-like degradation on Art. (a) Degraded depth map, (b) AR, (c) LN, (d) RCG, (e) the proposed method.
As illustrated, AR and RCG produce jagged artifacts around edges; the result of LN is over-smoothed; the edges in our result are cleaner and sharper
compared with other results.

Fig. 6. Visual quality comparison of Kinect-like degradation on Dolls. (a) Degraded depth map, (b) AR, (c) LN, (d) RCG, (e) the proposed method.
As illustrated, the result of LN is over-smoothed; the edges in our result are cleaner and sharper compared with other results.

Fig. 7. Visual quality comparison on real-world depth data from NYU RGB-D dataset, (a) Color image, (b) Degraded depth map, (c) AR, (d) LN, (e) the
proposed method. As illustrated, there are many holes in the result of AR; LN blurred the contour of object, as shown in the blue region; RCG produces
over-smooth result; the edges in our result are cleaner and sharper compared with other results.

The parameters described here are applied to all the test
images. Specifically, for degradations involving upsampling,
the parameters for defining the diffusion kernel are set as⎧⎪⎪⎪⎨

⎪⎪⎪⎩
σc = 100, σs = 10, σp = 40 if rate = 2×
σc = 100, σs = 10, σp = 50 if rate = 4×
σc = 10, σs = 20, σp = 50 if rate = 8×
σc = 10, σs = 200, σp = 100 if rate = 16×

(27)

In the case of noisy observation (ToF-like degradation), β2 in
(19) is set to 0.038, β1 in (19) is set to 0.4 and 0.25 for 2×,

4× and 8×, and 16× upsampling rates, respectively. In the
case of noise-free observation (upsampling without noise), β2
in (19) is set to 0.001, β1 in (19) is set to 0.4 and 0.15 for
2×, 4× and 8×, 16× upsampling rates, respectively.

For the kinect-like degradation, σc, σs and σp are set to 10,
100, 20, respectively. β1 in (19) is set to 0.05, β2 in (19) is
set to 10−6.

In the 3D manifold thresholding, we set τ = 1.0 in (16) and
τ = 1.7 in (18), The patch size is set 7×7, and the overlapping
size in patch extraction is set to 4. In patch clustering, each
group includes 20 patches.
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Fig. 8. Visual quality comparison on real-world depth data from NYU RGB-D dataset, (a) Color image, (b) Degraded depth map, (c) AR, (d) LN, (e) the
proposed method. As illustrated, in the blue region, LN destroys the contour of the object; RCG produces over-smooth result; the edges in our result are
cleaner and sharper compared with other results.

VI. CONCLUSION

In this paper, we present a novel depth maps restoration
method based on local and non-local manifold models. Man-
ifold regularization is defined on local manifold to promote
local smoothness. The 3D manifold thresholding on local
and non-local manifolds enforces the strict sparsity of the
decomposition of signal on the manifold spectral bases, and
retains only low graph frequencies for depth maps restora-
tion. We couple adaptive regularization and thresholding on
manifolds together by a unified ADMM optimization scheme.
Experimental results show our method achieves better objec-
tive and subjective quality compared to state-of-the-art meth-
ods.
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