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Abstract— Depth images play an important role and are
prevalently used in many computer vision and computational
imaging tasks. However, due to the limitation of active sensing
technology, the captured depth images in practice usually suffer from low resolution and noise, which prevents its further
applications. To remedy this problem, in this paper, we first
propose an adaptive data fidelity formulation to optimally generate each depth pixel from a mixture probability distribution,
characterizing the similarity both in the depth map and the
corresponding high-resolution guided color image. The proposed
method is able to fit the distribution of the input depth signal
as an optimization problem by maximizing the mixture probability. Furthermore, to promote the piecewise property that
depth images exhibit, we propose a transferred graph Laplacian
model as a regularization term, which is general and able to
handle various depth recovery tasks such as super-resolution
and denoising well. Specifically, each pixel within the recovered
depth image is represented as a vertex in a graph with weights
in connected edges representing the similarity between vertices.
By minimizing the squared variations of the image signal, the task
of depth image recovery can be converted to the problem of
graph-based image filtering. Since the proposed graph Laplacian
regularization model is able to fully exploit a priori information
about the depth image, a much more accurate and robust
estimation of the underlying depth can be obtained. Extensive
experiment evaluations verify that the proposed method obtains
recovered depth with higher quality in terms of both objective
and subjective criteria, compared with most of the state-of-theart methods.
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I. I NTRODUCTION
S AN indication of true position in 3D space, depth
image plays an important role in a variety of real-world
applications, such as object reconstruction, immersive visual
communication, 3D television and entertainment. Although the
well-developed 3D imaging hardware makes it more accurate
and affordable to acquire depth information, there is still a
big gap between the resolution of depth image and that of its
corresponding color image, hindering its further applications.
Moreover, due to the limitations of the current depth sensing
technologies, acquired depth images are often corrupted by
sensor noises or surface reflection, which further limits practical applications based on depth information. Therefore, depth
image recovery becomes a vital problem in the development
of real-world applications, for example 3D reconstruction [1],
human-computer interaction (HCI) [2], [3] and depth-based
image rendering (DIBR) [4], [5].
Depth image recovery aims to improve the objective quality
of the input degraded depth image, while minimizing visual
artifacts. The main difficulty of depth image recovery is that it
is an ill-posed inverse problem, where the input depth image
is usually corrupted by noises or lacks texture information due
to the inherent smooth and plain property of depth image.
Although the depth images and color images are representations of the same scene, they exhibit different characteristics.
Contrary to color images, depth images do not contain rich
texture information that reflects the physical attributes of a
surface, i.e., a depth image is piecewise smooth in which
smooth regions are separated by sharp edges around the
vicinity of the object contour. Consequently, it is critical
to fully exploit this unique characteristic of depth image to
improve the performance of the depth image recovery.
In this paper, we propose an effective color-guided depth
recovery algorithm based on adaptive data fidelity and transferred graph Laplacian regularization. We firstly define an
adaptive data fidelity that optimally relates resulting recovered
depth pixel to the most confident samples undergoing similar
adjustments. We assume that each recovered depth pixel is
generated from a distribution determined by the neighborhood.
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The distribution is formulated as the weighted summation of
probability, which characterizes the similarity extent of the
recovered depth pixel and its neighbors both in the depth
map and the corresponding color image. By maximizing
the distribution, we can adaptively determine the impact of
each sample on the final recovery result depending on image
structure and spatial distance. To further improve the quality
of recovered depth image, we introduce graph-signal smoothness as regularization inspired by previous works [6]–[11].
Instead of using the conventional graph Laplacian regularizer,
we propose a transferred graph Laplacian regularizer, which
is able to formulate different applications of depth image
recovery into a general regularization framework and achieves
good performance. Extensive experiments demonstrate that
our method is able to improve the performance of the depth
recovery with various depth degradation modes. Employing
both objective and subjective criteria, our proposed method
achieves the best quality compared with several state-of-theart depth recovery methods.
The contributions of our method are summarized into the
following aspects:
• Formulating the data fidelity term of depth image
recovery as a mixture probability maximization
model: We assume that the recovered depth image can
be generated by a distribution, which is formulated as
a mixture probability defined between the pixel to be
recovered and the ones within the neighborhood both
in the depth map and the corresponding color image.
We demonstrate that the proposed mixture probability
model can implicitly fit the input depth image and formulate the data fidelity term via maximizing optimization.
The adaptive data fidelity model brings the great success
of depth image recovery, and can be easily extended to
other depth-related signal processing applications.
• A transferred graph signal model maintaining piecewise smooth and sharpening the edges within the
recovered depth image: We formulate the recovered
depth image as a graph model, a generic data representation form, which is especially useful for describing
the geometric structures of data domains in depth image
recovery. By carefully designing the graph structure,
the task of depth image recovery can be converted into
the problem of graph based image filtering, that is, how
to enforce piecewise smoothing for the texture regions
while preserving sharpness of the edge regions. Since
the proposed graph Laplacian model is able to fully
exploit a priori information about the depth image and the
corresponding color image, a much accurate and robust
estimation of the input degraded depth image can be
obtained.
The remainder of this paper is organized as follows.
In Section II, an overview of the related work is first
given. In Section III, we will provide the problem formulation. In Section IV, the adaptive data fidelity term based on
mixture probability maximization is presented. The transferred
color-guided graph Laplacian model is then described in
Section V. We report the experimental results and conclude
the paper in Section VI and VII successively.
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II. R ELATED W ORK
The recovery of high quality depth map is a popular topic
in computer vision tasks, and many algorithms have been
proposed in literatures. This section briefly reviews the related
work.
A. Depth Recovery
Numerous pioneering works of depth image recovery have
been proposed in literature. Generally, they can be grouped
in four main classes: (1) fusion of multiple depth sensors,
(2) spatial and temporal fusion, (3) combination of depth and
color sensors, (4) single depth image recovery.
The typical works of fusing multiple depth sensors are
proposed by Gudmundsson et al. [12] and Zhu et al. [13].
Gudmundsson et al. [12] proposed an approach in fusing
stereo vision and Time-of-Flight (ToF) imaging by mapping
the ToF-depth measurements to stereo disparities. In addition,
Zhu et al. [13] conducted similar work by using an accurate
depth calibration and then fusing the measurements under
Markov Random Field (MRF) framework. However, the high
computational complexity prevented its wide applications in
practical usages.
Another way of depth image recovery is to fuse multiple depth measurements into one recovered depth image.
Schuon et al. [14] proposed a method to fuse ToF acquisitions
from many slightly moved viewpoints. This work was further
developed by Cui et al. [15], where a set of fused depth
images with larger displacements was employed. These works
relied on the assumption that multiple depth images are available with camera movement, which, in practical applications,
may not always be true.
Besides multiple depth sensors and measurements, color
measurements also provide a very useful cue for depth image
recovery. The pioneering works combining color and depth
image were first proposed by Diebel and Thrun [16], who
performed the depth image recovery employing a MRF formulation, with a smoothness term according to the texture
derivative in the corresponding color image. This way can
improve the quality of the recovered depth map, but it produces over-smooth results. Then more methods using the
advanced MRF, such as [17]–[19] were proposed to solve
the over-smoothing. Park et al. [20] proposed a more complex
approach by using a combination of diffferent weighting terms
of a least squares optimization. He et al. [21] investigated
guided filtering to perform an edge-preserving smoothing
like the popular bilateral filter. Reference [22] used a geodesic distance to compute the filtering coefficients based
on the similarity between pixels. The algorithm is accelerated to have a low computational complexity by dynamic
programming. The geodesic upsampling method provides
impressive recovered results for most areas of depth maps,
but it also introduces some annoying artifacts in regions
where the associated color image has rich textures. Recently,
Yang et al. [23], [24] proposed a depth recovery method using
an adaptive auto-regressive (AR) model with the help of
the corresponding color measurements. This work was further extended by Liu et al. [25] with a robust optimization
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framework for color guided depth map restoration. All of these
methods are based on the premise that the color measurements
are registered with the depth image and they can help to obtain
depth map with higher quality.
However, in common cases, it is difficult to register the
color and depth measurements with high accuracy. So the
depth image recovery performed by referring information only
from itself is a popular task. Aodha et al. [26] formulated
the depth image recovery problem as a multi-class MRF
model with hidden node representing the label of recovered
patches. Frestl et al. [27] formulated the depth recovery as a
global energy optimization problem using Total Generalized
Variation (TGV) regularization. Since few information can
be referred in single depth image recovery, the success of
the single depth image recovery highly depends on how to
efficiently and accurately exploit the a priori information of
the natural depth image.
B. Graph Laplacian Regularizer
Recently, due to the desirable ability of embedding a priori
signal information in a graph, there is an increasing popularity
of graph signal processing (GSP) techniques in a wide range
of image processing [8]. The graph Fourier transform (GFT)
was proposed to perform transform coding, where each GFT
is computed from a weighted undirected graph that reflects
the target block’s discontinuities [28]–[31]. Since the GFT is
able to adaptively capture the distinct signal structure of local
pixel patches, it obtains significant compression gain over Discrete Cosine Transform (DCT) for piecewise smooth images.
In [32], a novel graph-signal smoothness prior is designed
based on the left eigenvectors of the random walk graph
Laplacian matrix. Due to the desirable image filtering property
with low computation overhead, the model in [32] is able to
recover high DCT frequencies of piecewise smooth signals
well. In [33], a nonlocal graph-based transform (NLGBT) and
group sparsity is proposed to address the problem of depth
image denoising. This method outperforms the well-known
block-matching and 3-D filtering (BM3D) [34] method, due
to the strong ability of exploiting both the local smoothness and nonlocal self-similarity of the depth map. In [35],
structure tensor is employed to construct a sparse graph
model, which is then utilized as a smoothness prior in the
GFT domain. In [36], a graph model embedding the image
structure is constructed as a graph-signal smoothness prior to
solve the bit-depth enhancement problem. In [37], an iterative
graph-based framework is developed for image restoration
based on a new definition of the normalized graph Laplacian.
Since the proposed normalized Laplacian in [37] is symmetric,
positive semidefinite and return zero vector for a constant
image, the method achieves superior performance in image
restoration.
Since depth images usually are much smoother for the plain
regions while obtaining sharper edges for the vicinity of object
contour, it would be much desirable if we could design a model
to better capture such a property. Fortunately, the graph model
mentioned above has a pleasing property of charactering the
piecewise smooth property of depth image. Most of existing

methods [33], [35], [36] exploit the smoothness prior of the
target image by employing combinatorial graph Laplacian,
which is real, symmetric and positive semidefinite. Thanks
to these desirable properties, the spectrum of graph Laplacian
carries a notion of frequency. Generally, we can utilize the
spectrum analysis to solve one specific problem in image
recovery.
However, in different applications in image recovery,
the signals exhibit various smoothness priors, e.g., the high
frequency of the spectrum should be discarded in image
denoising, while we should recover the high frequency information intact in image super-resolution (SR). Motivated by
this, we provide a general framework to tackle different applications by introducing a transfer function in graph Laplacian
as a regularization term to better capture the smoothness priors
in various applications.
In this paper, we formulate the color-guided depth image
recovery as an optimization problem, where the data fidelity
term is derived from a mixture probability maximization and
the regularization term is constructed from a transferred graph
Laplacian model. We demonstrate that our approach leads to
better results compared to previously reported state-of-the-art
methods.
III. P ROBLEM F ORMULATION
Let’s denote by x the latent depth image to be recovered,
z the corresponding color image, and y the corresponding
degraded observation. A typical image degradation model
describing the mapping between x and y can be represented as:
y = Hx + v,

(1)

where H denotes the degradation matrix and v is the additive
noise, which is usually modeled as an additive white Gaussian
noise (AWGN) with zero mean and standard deviation σ .
In practical applications, different image recovery problems
can be generally formulated with various forms of H. For
example, in image denoising, H is defined as an identity
matrix. In image SR, H becomes the composition of blurring
and downsampling operator.
Recovering x from y is inherently a challenging ill-posed
problem. Additional constraints or priors are needed to
tackle this problem. Based on image degradation model
and Bayesian theory, the likelihood term can be defined as
p(y|x) = exp(− y − Hx22 /2σ12 ). Given the image prior
p(x), the unknown latent image x can be obtained based
on the observation of y by maximizing the posterior probability p(x|y). According to the well-known maximum a
posterior (MAP) model, we have:
x = arg max {ln p(x|y)}
x

= arg max {ln p(y|x) + ln p(x)}
x


= arg min 1/2 y − Hx22 + γ R(x) ,
x

(2)

where R(x) = − ln p(x) represents the regularization term, and
γ represents the regularization parameter. Here, we represent
D(x) = 1/2 y − Hx22 as the data fidelity term.
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Obviously, both data fidelity term and the regularization
term play vital roles for the successful recovery of x. In the
literature, the degradation matrix H is usually assumed to
be known. However, in real-world applications, the mapping
between x and y is a complicated process, which may involve
many issues, e.g., the blurring and downsampling steps in
image SR problem. Consequently, it would be desirable to
derive a more flexible data fidelity term which can adaptively
approximate the degradation process during the acquisition of
observation y. Besides, depth images have strikingly different
characteristics compared with color images because they are
piecewise smooth, i.e., containing smooth regions separated
by sharp edges. Therefore, the recovery performance can be
significantly improved if an appropriate regularization term is
posed. Moreover, it is desirable that the designed regularization
term is general to handle different recovery tasks.
As motivated above, in the following sections, we will first
define an adaptive fidelity term based on mixture probability
maximization, and then define a regularization term based on
the transferred graph Laplacian model, which is general to
handle the tasks of depth image SR and denoising.
IV. A DAPTIVE DATA F IDELITY BASED ON M IXTURE
P ROBABILITY M AXIMIZATION
Based on traditional data fidelity term D(x) =
1/2 y − Hx22 , the recovered image can be obtained as
x = H† y, where H† represents the pseudoinverse of H.
Since in practice the actual mapping between x and y is
complicated, and the element of H is independent of the
observation y, the accuracy of x derived in this way is limited.
To tackle this problem, we propose an adaptive data fidelity
term based on mixture probability maximization, which will
be detailed in this section.
We denote the depth pixel as yj on location j within
the input depth image, and xi as the recovered pixel of
location i. We assume that each depth pixel is generated from
a mixture probability distribution, characterizing the similarity
of the recovered depth pixel and its neighboring pixels. The
distribution of each pixel i is formulated as the following:


2
πij exp(− xi − yj  /σ2 ),
(3)
p(xi |y) ∝
j∈

where  is the spatial support of the neighborhood centered
at pixel i, σ2 represents the standard deviation. πij is the
mixture coefficient, which is statistically corresponding to the
contribution portion of samples within supporting domain.
Here, we have

ϕij ,
(4)
πij = ϕij /
j∈

where ϕij is the affinity between pixels i and j. Here, for
each sample we take into account a 6D feature (include depth
pixel value, spatial position in horizontal and vertical direction,
three channels in color image). Obviously, if two pixels are
similar in intensity and spatially closed, the mixture coefficient
πij must be large. Our target is to adaptively determine the
impact of each sample within the supporting domain taking
into account sample distance and image structure. Inspired by
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the previous work [24], we use the AR model to combine the
depth information and the corresponding color information.
Specifically, for ϕij , we have the following expression:
ϕij =
with

1 x z
ϕ ϕ
Si i,j i,j



x
ϕi,j

and

(xi − xj )2
= exp −
σ32

 
z
ϕi,j
= exp −

k∈C

(5)


Bi ◦ ||(Pki − Pkj )||2
σ42

(6)

,

(7)

x is the depth term and ϕ z is the color term defined on
where ϕi,j
i,j
the guidance color image z. σ3 and σ4 control the decay rates.
Si is a normalization factor. C = {R, G, B} or C = {Y, U, V }
represents different channels of the guidance color image z.
Pki denotes an operator that extracts a w × w patch centered
at i in color channel k, “◦" represents the element-wise
multiplication. The bilateral filter kernel Bi is defined as:

 


k
k 2
|i − j|2
k∈C |zi − z j |
exp −
, (8)
Bi (i, j ) = exp −
σ52
σ62

where zi , zj are the intensity values of the color image. σ5 and
σ6 control the decay rate.
According to (3), the optimal xi for each pixel i is
generated as:
xi = arg max p(xi |y) = arg min {− ln p(xi|y)} .
xi

xi

(9)

By setting the derivation of xi to zero, the optimal value of
each pixel xi can be obtained.
For the sake of simplicity, the whole objective function will
be reformulated as a matrix-vector form. We denote by  the
weight matrix, whose element ij can be expressed as:
x −y 2
mj ϕij exp{− i σ2 j }
ij =

xi −yj 2
}
j mj ϕij exp{−
σ2

(10)

where m is a binary mask to mark the position of user-provided
control pixels. It has value 1 for j ∈  and 0 otherwise. The
objective function with respect to x is therefore written as
min D(x, y) = min (x − y)T (x − y) .

(11)

Based on the implicit data fidelity term of (11), the global
minima can be obtained by solving x = y, which is our final
output of the recovered depth image when only considering
the data fidelity term. Since the model in (11) describes
the intrinsic smoothing properties of depth image, a good
recovery performance can be expected. However, obtaining
x by minimizing (11) is non-trivial, since  depends on x,
making the derivative of D(x) nonlinear to x. Fortunately,
together with the regularization term that will be described
in the next section, the solution of the final objective function
can be derived via an iterative process. Consequently, we can
first set an initial value for x0 , and then during each iteration
we utilize the derived solution of x in the previous iteration to
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compute , and finally derive the optimal solution according
to (11) based on the updated . The detailed process of
updating  can be found in Algorithm 1.
Algorithm 1 The Optimal Derivation of Recovered Image x.
Input: input image y, initial value x0 , transfer function
h(.), regularization parameter γ , max iteration time imax ,
threshold ε;
Output: the final derived image x;
i = 1, converge_flag=0 ;
2: while converge_flag==0 or i < imax
Update  based on xi−1 according to (5) and (10).
4:
Compute U and  based on xi−1 according to (17).
Compute xi according to (26).
2
6:
diff = |x1i | xi − xi−1 2 .
if diff < ε
8:
converge_flag=1;
else
10:
i=i+1;
end if
12: end while
return x=xi ;

V. P ROPOSED G RAPH R EGULARIZATION M ODEL
Depth images exhibit distinctive statistical characteristics,
i.e., containing smooth regions separated by sharp edges. In the
literature, graph-based depth image processing has achieved
great success [33], [35], since graph-based image modeling
is able to reflect the property of piecewise smoothing very
well. In this work, we follow this line, but further propose a
new transferred graph regularization term, according to which
different depth image recovery tasks can be formulated into a
unified framework.

L = D − W,

(13)

Rn×n

is the diagonal degree matrix with
where
D ∈
Dii = j Wij .
Equipped with the graph Laplacian matrix, the smoothness
of the depth image x on the graph can be measured in terms
of a quadratic form of the graph Laplacian:
1
Wij (xi − xj )2 ,
(14)
x Lx =
2
i,j

where Wij represents the weight on the edge connecting two
adjacent vertices i and j. By minimizing (14), we promote
the recovered depth image to be smooth with respect to the
underlying graph G.
For addressing ill-posed inverse problems, such as depth
image SR or denoising, there are two graph-based strategies
commonly used in the literature: graph-based regularization
and graph-based transform.
1) Graph-Based Regularization: A graph Laplacian regularizer assumes that the original image x is smooth with respect
to the underlying graph G. Combining the data fidelity term,
the image recovery task can be addressed by the following
optimization:
1
y − Hx22 + γ x Lx.
(15)
2
The graph Laplacian regularizer is small only when x has
similar values at each vertex pair (i, j ) connected by an
edge, or the edge weight Wi j is small. The above optimization
has a closed-form solution:
x = arg min
x

x = (H H + γ L)−1 H y.

A. Graph Signal Representation
Leveraging on the recent advances in GSP, we model the
depth image as a signal on an undirected and weighted graph
G = {V, E, W}. Specifically, pixels within the depth image are
considered as a vertex set V with cardinality |V| = n. E defines
the edge set, where each edge connects a pair of nodes.
W ∈ Rn×n is a weighted adjacency matrix encoding similarity between two connected vertices. Since only undirected
graphs and nonnegative edge weights are considered, we have
Wij =Wji and Wij ≥ 0. In order to make better results,
we combine the depth map and its corresponding color image
to compute the adjacency matrix, so its element can be
represented by the typical Gaussian weighting function as
Wij = exp(−(xi − xj )2 /σ72 ) exp(−(zi − zj )2 /σ82 ),

the graph model is able to bring more benefit by its inherent
flexible structure. In this paper, for each processing patch we
construct a fully-connected graph, where each vertex (pixel)
is connected to all the other vertices in G.
An essential operator in graph signal model is the graph
Laplacian. The combinatorial graph Laplacian is defined as

(12)

where σ7 and σ8 control the sensitivity of the similarity
of the depth map and color image respectively. The depth
image x: V → R is defined as the nodes of the graph
and xi is the value of x at the i-th node. Since we can
decide whether there is an edge between two arbitrary vertices
and set the appropriate weight for the corresponding edge,

(16)

2) Graph-Based Transform: Considering L is a real, symmetric and positive semidefinite matrix, it can be decomposed
into a set of orthogonal eigenvectors, denoted by {ul }l=1,··· ,n ,
with real non-negative eigenvalues 0 = λ1 ≤ λ2 ≤ · · · ≤ λn ,
which is interpreted as frequency in graph transform domain.
We define U as the eigen-matrix with ul ’s as columns and 
as the diagonal matrix with λl ’s on its diagonal. L can thus
be written as:
⎤
⎡
λ1 0 . . . 0
⎢ 0 λ2 . . . 0 ⎥
⎥ 
⎢
(17)
L = UU = U ⎢
⎥U .
⎣ 0 . . . ... 0 ⎦
0

0

...

λn

We define the graph Fourier transform (GFT) basis as
F = U . A graph-signal x can be then transformed into the
graph frequency domain:
α = Fx.

(18)

Graph-based transform has been successfully exploited in
depth image denoising [33]. Considering most noises in depth
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So a natural question arises: can we construct a unified
framework to handle various restoration tasks and achieve the
best of both scenarios using the advantages of the two methods? In the next subsection, we will introduce the proposed
transferred graph Laplacian regularizer, which is our answer
to this question.
Fig. 1. Performance comparison of two approaches on depth image SR.
(a) the scale-factor is 2; (b) the scale-factor is 4.

Fig. 2. Performance comparison of two approaches on depth image denoising.
(a) the noise variance is 10; (b) the noise variance is 15.

maps concentrate in high frequencies after performing GFT,
noises can be successfully removed by transform spectrum
shrinkage through hard-thresholding:

αk if αk ≥ τ
(19)

αk =
0 otherwise.

B. Transferred Graph Regularization
According to the above analysis, we propose to adaptively
control the contribution of graph frequencies in final reconstruction, so that we can achieve the best performance for
different recovery tasks. Our method could be interpreted
as a general shrinkage operator. Specifically, the proposed
transferred graph Laplacian h(L) is defined as:
⎤
⎡
0
0
...
0
h(λ1 )
⎢ 0
h(λ2 )
0
...
0 ⎥
⎥
⎢
⎢
.. ⎥ 
⎢
0
h(λ3 ) 0
. ⎥
h(L) = U ⎢ 0
⎥ U . (22)
⎥
⎢ ..
..
..
.
.
⎣ .
.
.
.
0 ⎦
0
0
...
0 h(λn )
Devising transfer function h(L) with different formula,
we can construct a general regularization framework for varying applications in depth image recovery. Employing h(L)
in (22), the regular term in (14) can be represented as

where τ is the threshold for shrinkage. The recovered depth
image can then be obtained as:
x = F−1
α.

(20)

3) Performance Analysis: We further analyze the advantages and disadvantages of graph-based regularization and
graph-based transform on two depth image restoration tasks:
SR and denoising. Fig. 1 and Fig. 2 show the recovery
performance comparison of two approaches in depth SR and
denoising respectively. We can find that for the task of SR,
the graph-based regularization works better than graph-based
transform. Inversely, for the task of denoising, graph-based
transform works better than the regularization approach.
With the spectral representation of L in (17), the graphbased regularizer can be rewritten in the graph frequency
domain:

λk αk2 ,
(21)
x Lx = α  α =
k

which means that x Lx can be represented as a sum of
squared GFT coefficients αk2 , scaled by the eigenvalue λk .
It tells us that, in graph-based regularization strategy, all
the frequencies are contributing to the final result. In contrast, as shown in (19) and (20), the graph-based transform
strategy only exploits thresholded graph frequencies—which
are low frequencies—for image reconstruction. This explains
why graph-based regularization does not work as well as
graph-based transform in image denoising, since even noises
(high frequency components) also play a role in the final
reconstruction; and why graph-based transform does not work
as good as graph regularization in SR, since high frequency
components are removed.

R(x) = x h(L)x.

(23)

Combining (23) and (11), we can finally obtain the objective
function as


x = f(x) = arg x ∈ Rn min (x−y) (x−y)+γ xh(L)x .
(24)
Based on (24), we can easily obtain the derivative of f(x)
with respect to x as
∂f(x)
= x − y + γ h(L)x.
∂x
By setting

∂f(x)
∂x

(25)

= 0, we have

x = (I + γ h(L))−1 y
⎫−1
⎧
⎤
⎡
0
h(λ1 ) . . .
⎪
⎪
⎬
⎨
⎥ 
⎢ ..
.

.
.
.
y
= UU + γ U ⎣ .
⎦U
.
.
⎪
⎪
⎭
⎩
0
. . . h(λn )
⎧
⎤⎫−1
⎡
0
h(λ1 ) . . .
⎪
⎪
⎨
⎬
⎢
.. ⎥
..
= U I + γ ⎣ ...
U y.
(26)
⎦
.
.
⎪
⎪
⎩
⎭
0
. . . h(λn )
Based on (26), we can finally derive the optimal recovered
depth image based on the observation y. It should be noted that
since in (26), both the weight matrix , U, and λi are depended
on the solution x, we can obtain the optimal recovered x
iteratively, which is shown in Algorithm 1.
In real applications, we will provide different transfer functions for adapting various degradation process. For example,
for depth image SR, since the more detailed high frequency
information should be maintained, transfer function h(λi ) can
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TABLE I
D EPTH M AP U NDERSAMPLING : D IFFERENT D ATA T ERM AND L APLACIAN R EGULARIZATION P ERFORMANCE C OMPARISON
IN PSNR(DB). T HE B EST R ESULT FOR E ACH I MAGE I S HIGHLIGHTED

TABLE II
D EPTH M AP D ENOISING : D IFFERENT D ATA T ERM AND L APLACIAN
R EGULARIZATION P ERFORMANCE C OMPARISON IN PSNR(DB).
T HE B EST R ESULT FOR E ACH I MAGE I S HIGHLIGHTED

Fig. 3.
Dolls.

Performance with scale-factor 2 on depth image SR over Art and

be set to λi in order to obtain the recovered depth image with
much higher quality. While, for denoising application, since
we should discard the unnecessary high frequencies, we can
set the transfer function h(λi ) as a threshold function, where
the output of h(λi ) would be zero if λi is smaller than the
threshold, otherwise output of h(λi ) would be λi .
C. Systematic Analysis
In this section, we mainly discuss the system stability
and computational complexity. Extensive experiments are conducted to systematically analyze the stability behavior. Fig. 3 is
the performance of SR showing the stability of our depth
recovery system. We can conclude that with the increase of
iteration, the results would be stable. Obviously, our proposed
method is able to not only improve the performance of the
depth image recovery but also exhibit a high systematic
stability.
Main computation is spent on the calculation of the mixture coefficient. Our Matlab implementation spends around
200 seconds to process an 1376 × 1088 depth image on a
laptop with I7 CPU and 8G memory. It should be noted that
we can also conduct the experiments in parallel to speed up
our method in the future.
VI. E XPERIMENTS AND R ESULTS
In this section, various experiments are conducted to demonstrate the efficiency and robustness of the proposed depth
image recovery algorithm. We simulate four kinds of typical degradation: undersampling, noise, ToF-like degradation
(undersampling with noise) and application to depth-imagebased rendering. Test datasets, including Adirondack, Art,
Book, Cable, Cones, Dolls, Laundry, Moebius, Reindeer,
Umbrella, and Wood from the Middlebury’s benchmark [38]
are used for evaluation. For each test image, we first divide it
into overlapped patches, and then conduct the depth recovery
patch by patch. We set the patch size to 12 throughout all
our experiments, which is a balance between computation
and image quality. The peak signal noise ratio (PSNR) value
between the recovered depth image and the ground truth is

employed to evaluate the performance of different competing
methods and the proposed algorithm.
A. Comparison and Analysis of Different Data Term
and Laplacian Regularization
To better show the effects of the adaptive data fidelity
term and the transferred graph Laplacian regularization in the
proposed method, we devised two methods to perform the
depth map SR: (I) Combining the transferred graph Laplacian
in (24) with the traditional data fidelity term, e.g.:
1
y − Hx22 + γ x h(L)x.
(27)
2
(II) Combining the adaptive data fidelity term in (24) and a
traditional Laplacian, e.g.:


x = arg min (x − y) (x − y) + γ x Lm x , (28)
x = arg min
x

x

where Lm denotes a traditional Laplacian, such as Matting
Laplacian [39]. The two methods are applied on depth map
SR on six test images. The results are shown in Table I,
where transferred graph Laplacian represents method (I), and
adaptive data fidelity represents method (II), and Both represents combining the proposed transferred graph Laplacian and
adaptive data fidelity term in (24). From the table, we can see
that, when the scaling factor is 2, the method (I) can achieve
better results than the method (II). However, when the scaling
factor is increasing, the method (II) has better performance
over all the images. So from the results, we can conclude that
the transferred graph Laplacian has better performance for the
case of lower scaling factor, and in contrast, adaptive data
fidelity term has better results for the case of higher scaling
factor. In addition, when combining the two terms, the performance improves significantly (achieving best performance
for all the scaling factors), which demonstrates the superiority
and validity of the proposed two techniques in (24). The same
experiments are also conducted with the denoising to further
enforce the conclusion. Table II shows the results of denoising
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TABLE III
D EPTH M AP U NDERSAMPLING : P ERFORMANCE C OMPARISON IN PSNR(DB) W ITH S EVEN C OMPETING
M ETHODS . T HE B EST R ESULT FOR E ACH I MAGE I S HIGHLIGHTED

over depth images, where the original image is corrupted
by additive white Gaussian noise with σ = 10. From these
results, we conclude that our proposed method can achieve
better quality. Consequently, in the remaining of this paper,
the proposed method represents the combination of the two
techniques.

B. Undersampling Degradation
In this application, the transfer function h(λi ) = λi
is employed, since more detailed high frequency information is needed to ensure good performance. We first
employ the Bicubic method to downsample the original depth
images under four scaling factors, and then the downsampled versions are interpolated to the same resolution as the
original depth images. We compare the results with different state-of-the-art methods: including Bicubic interpolation,
edge-weighted NLM-regularization (Edge) [40], guided image
filtering (Guided) [21], joint geodesic upsampling (JGU) [22],
adaptive autoregressive (AR) [24], Fast Guided Global Interpolation (FGI) [41], Robust Color Guided (RCG) [25], static
and dynamic guided filtering (SDF) [45], joint local structrual
and nonlocal low-rank regularization (LN) [46]. Upsampling
results for Bicubic, Edge, Guided, JGU, LN are quoted
from [46] or [24] and the results of other methods are obtained
by implementing the publicly available codes provided by the
authors.
The interpolation results at four scaling factors are reported
at Table III. As shown in Table III, our method achieves the
highest PSNR in all the test images which demonstrates its
effectiveness. And it has the highest average PSNR for all
scaling factors, which verifies the robustness of our method.
Fig. 4 and Fig. 5 show ×2 and ×8 upsampled depth maps
for Art and Dolls respectively. Upsampled depth maps by four
state-of-the-art methods are also shown for comparison. As can
be observed in Fig. 4 and Fig. 5, FGI [41] would always
generate obvious blurring artifacts and visually displeasing
blurred textural details. Fig. 4(c) and Fig. 5(c) show the results
obtained by AR [24], which include ringing artifacts around
the over-sharped edges. SDF [45] has texture copy artifacts.
RCG [25] can generate blurred edges. The result of LN [46]
performs well in synthesizing fine details, but is a bit smooth.
Our proposed method would obtain high quality results, which

are more faithful to the original images with sharper edges and
finer details as shown in Fig. 4(h) and Fig. 5(h).
C. Denoising

√
√
In image denoising, for a given n × n patch, we first
search for its K-nearest-neighbors (KNN) as a cluster in an
image in order to jointly restore them by exploiting their
dependency. Since we should try to inhibit the influence of
high frequency, we set the transfer function

0 if λi < Th
(29)
h(λi ) =
λi otherwise,

where the threshold Th is set to σ 2log(Kn2 ), σ is the
standard deviation of the noise, and n is the patch size.
To simulate the noisy images, the original images are added
with additive white Gaussian noise, with standard deviation ranging from 10 to 30. In this application, our test
images include eight datasets, including Art, Book, Cones,
Dolls, Laundry, Moebius, Wood and Reindeer. We compare our method with BM3D [34], NLGBT [33], optimal
graph Laplacian regularization (OGLR) [42], gradient histogram preservation (SHGP) [43], and clustering-based sparse
representation (CSR) [44].
The results are shown in the Table IV. From Table IV,
we can see that our mehtod obtains the highest PSNR for
all cases, which validates the superiority and robustness of the
proposed method. Visual comparisons are shown in Fig. 6,
where different versions of fragments of the images Moebius are presented. Figs. 6(c, e) show the results obtained
by NLGBT [33] and CSR [44], which will either remain
noise or generate artifacts. BM3D [34] could remove the
noise, but it failed to provide sharper transitions. In contrast, our method can remove all the noise and produce
sharp edges while preserving the smoothness within each
region.
D. ToF-Like Degradation
In this experiment, we simulate ToF-like degradation and
the noisy downsampled depth maps are from the dataset
provided by AR [24]. We first add Gaussian noise with a
variance of 5 to the original test depth images, and then downsample the polluted images at four different scaling factors.
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Fig. 4. Visual quality comparisons of ×2 upscaling on the Middlebury Adirondack. Two Zoom fragments of each image are presented for comparison.
(a) Original. (b) Guided/42.42dB. (c) AR/42.60dB. (d) FGI/42.16dB. (e) RCG/43.44dB. (f) SDF/42.89dB. (g) LN/44.69dB. (h) Ours/49.50dB.
TABLE IV
D EPTH M AP D ENOISING : P ERFORMANCE C OMPARISON IN PSNR(DB) W ITH F IVE C OMPETING M ETHODS .
T HE B EST R ESULT FOR E ACH I MAGE I S HIGHLIGHTED

Besides, ToF-like Degradation and denoising have essentially
the same transfer function as shown in (29). Quantitative depth
recovery results by all the competing and our method are
summarized in Table V. It can be observed that our method
obtains the best PSNR results for almost all the test images

and scaling factors. This is mainly benefited from the superior
property of suppressing the unnecessary high frequency and
maintaining the high fidelity in our method. To compare the
visual results, Fig. 7 and Fig. 8 present the recovered depth
maps on Laundry and Reindeer. From these figures, it is easy
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Fig. 5. Visual quality comparisons of ×8 upscaling on the Middlebury Dolls. Two Zoom fragments of each image are presented for comparison. (a) Original.
(b) Guided/43.33dB. (c) AR/43.63dB. (d) FGI/40.48dB. (e) RCG/44.24dB. (f) SDF/42.89dB. (g) LN/45.02dB. (h) Ours/45.26dB.

Fig. 6. Visual comparisons for denoising over the depth image Middlebury Moebius, where the original image is corrupted by additive white Gaussian noise
with σ = 10. (a) Original (b) BM3D/47.72dB. (c) NLGBT/46.19dB. (d) OGLR/46.98dB. (e) CSR/46.91dB. (f) Ours/48.77dB.

to observe that FGI [41] and SDF [45] cannot thoroughly
remove the noises contained in the measurements. Although
RCG [25] and AR [24] can clean the noises, they also generate

artifacts and fail to preserve the sharper edges. However, our
method is able to remove noise while maintaining sharper
edges within the recovered depth image.
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TABLE V
D EPTH M AP T OF -L IKE D EGRADATION : P ERFORMANCE C OMPARISON IN PSNR(DB) W ITH S EVEN C OMPETING M ETHODS .
T HE B EST R ESULT FOR E ACH I MAGE I S HIGHLIGHTED

Fig. 7. Visual quality comparison for recovered depth maps from ToF-like degradation (×4 upsampling factor) on Laundry. Two Zoom fragments of each
image are presented for comparison. (a) Original. (b) SDF/38.28dB. (c) AR/41.44dB. (d) FGI/39.84dB. (e) RCG/41.50dB. (f) Ours/42.13dB.

E. Depth-Image-Based Rendering
In order to investigate the effectiveness of our method,
we apply the recovered depth maps to depth-image-based
rendering. The stereo depth map used for DIBR is corrupted
by additive white Gaussian noise with σ = 10, and then
the recovered depth maps by different methods are employed
to perform DIBR. The results are shown in table VI and
we can see that our method achieves the highest PSNR on
average. The DIBR-synthesized virtual views of Dolls with
different denoised versions of the stereo depth maps are
shown in Fig. 9. It can be observed that our result is more
pleasant which has fewer corrupted boundaries and ringing

TABLE VI
DIBR: P ERFORMANCE C OMPARISON IN PSNR(DB) W ITH F IVE
C OMPETING M ETHODS . T HE B EST R ESULT FOR E ACH
I MAGE I S HIGHLIGHTED

artifacts. Especially, there are significant black holes around
the right arms of the white rabbit, the edge of the sofa, and
face of the doll, generated by all the competing methods.
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Fig. 8. Visual quality comparison for recovered depth maps from ToF-like degradation (×4 upsampling factor) on Reindeer. Two Zoom fragments of each
image are presented for comparison. (a) Original. (b) SDF/37.32dB. (c) AR/40.70dB. (d) FGI/38.99dB. (e) RCG/40.22dB. (f) Ours/41.85dB.

Fig. 9. Visual comparisons for DIBR over the fragment of synthesized Middlebury Dolls, where the depth map is corrupted by additive white Gaussian
noise with σ = 10. (a) Original. (b) BM3D/34.27dB. (c) NLGBT/34.02dB. (d) CSR/33.98dB. (e) SGHP/31.61dB. (f) OGLR/34.07dB. (g) Ours/34.42dB.

However, the artifacts are thoroughly removed in the results
generated by our method.
VII. C ONCLUSION
This paper proposes a novel color-guided general framework
to recover depth images from low quality measurements with
various types of degradation. To optimally recover each depth
pixel, an adaptive data fidelity term is first proposed by fully
considering the similarity extent of the recovered depth image
and the ones within a neighborhood. Since the proposed
adaptive data fidelity term is able to implicitly fit the input
measurements quite well, better recovered performance can
be ensured. Furthermore, a transferred graph Laplacian based
regularization method is proposed to maintain the piecewise

smooth and sharpen the edges. Combining both the data
fidelity and regularization terms, the proposed depth recovery
method is able to generate better results under both subjective
and objective criteria. Extensive experiments are conducted
over the synthetic images from Middlebury datasets as well as
the real captured data with different degradation. Experiments
demonstrate that the proposed method is able to outperform
many state-of-the-arts methods.
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