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Abstract— Depth information is being widely used in many
real-world applications. However, due to the limitation of depth
sensing technology, the captured depth map in practice usually
has much lower resolution than that of color image counterpart.
In this paper, we propose to combine the internal smoothness
prior and external gradient consistency constraint in graph
domain for depth super-resolution. On one hand, a new graph
Laplacian regularizer is proposed to preserve the inherent
piecewise smooth characteristic of depth, which has desirable
filtering properties. A specific weight matrix of the respect graph
is defined to make full use of information of both depth and the
corresponding guidance image. On the other hand, inspired by
an observation that the gradient of depth is small except at edge
separating regions, we introduce a graph gradient consistency
constraint to enforce that the graph gradient of depth is close to
the thresholded gradient of guidance. We reinterpret the gradient
thresholding model as variational optimization with sparsity
constraint. In this way, we remedy the problem of structure
discrepancy between depth and guidance. Finally, the internal
and external regularizations are casted into a unified optimization
framework, which can be efficiently addressed by ADMM.
Experimental results demonstrate that our method outperforms
the state-of-the-art with respect to both objective and subjective
quality evaluations.
Index Terms— Depth super-resolution, graph signal modeling,
graph-signal smoothness, gradient consistency.

I. I NTRODUCTION

D

EPTH maps play a fundamental role in many computer
vision and computational photography applications, such
as 3D reconstruction [1], multi-view rendering [2], virtual
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reality [3], and robot vision [4] etc. With the progress of
sensing technology, depth information of a scene can now
be readily acquired by inexpensive cameras, such as Time of
Flight (ToF) camera [5] and Microsoft Kinect [6]. Nowadays,
RGB-D cameras are ubiquitous and have enabled a large suite
of consumer applications. However, the captured depth maps
in practice usually have much lower resolution compared with
the companion color image. For instance, the depth maps
captured by the Time-of-flight (ToF) camera are subject to low
resolutions, e.g., 176 × 144 and 200 × 200. Many applications,
such as 3D object reconstruction, robot navigation and automotive driver assistance, require accurate depth information in
all color pixel positions. Therefore, it is an essential task to
develop an effective depth super-resolution strategy to bridge
the resolution gap between depth and color images.
Depth super-resolution is a challenging ill-posed inverse
problem. Over the years, numerous approaches for depth
super-resolution have been developed [7]–[11]. One prevailing
strategy is to perform guided interpolation that relies on
an associated high-quality RGB color image, exploiting the
correlation between the guidance (that is the intensity of color
image) and the depth. There are a few works following this
line in a filtering-based fashion, in which the filter kernels
are determined by the affinity calculated from RGB-D pairs.
For example, Kopf et al. [7] proposed the joint bilateral
upsampling (JBU) method for cross-modal image enhancement including depth upsampling. The basic idea of JBU is
to apply a spatial filter (typically a truncated Gaussian) to
the low-resolution input, while a similar range filter is jointly
applied on the high-resolution intensity guidance image.
In [8], Liu et al. proposed a joint geodesic upsampling where
the similarity computation is based on the geodesic distance
instead of the Euclidean distance in JBU. In another way, some
methods work in an optimization-based approach, in which
a certain prior model is incorporated to help addressing this
ill-posed problem. For instance, Ferstl et al. [9] defined the
depth upsampling as a convex optimization problem, which
incorporates the total generalized variation (TGV) as the
regularization term to enforce piecewise affine results. In the
optimization, an anisotropic diffusion tensor, calculated from
a high-resolution intensity image, is used to guide the upsampling. Dong et al. [10] proposed to combine the weighted
total-variation prior, the color-guided autoregressive (AR)
model [12] and the low-rank model to consider both local
and non-local similarity, in which the intensity guidance information is utilized to compute the pixel-wise and patch-wise
similarity. It is worth noting that the total variation prior
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and its extensions [9], [10], [13] rely on the assumption that
depth images exhibit the piecewise constant (PWC) property,
which implies that the gradient of depth is zero except at edge
separating regions.
These approaches mentioned above are based on the
assumption that depth edges consistently occur at intensity
edges. However, despite there are close connections between
depth map and intensity image, the discontinuities—especially
the textures—of intensity image are not always consistent
with those of depth map. The above methods ignore the
structure discrepancy between depth and guidance image,
leading to noticeable artifacts such as texture copying and
depth blurring in the upsampled depth. To handle the structural
inconsistency, Li et al. [14] proposed to perform a cascaded
guidance interpolation built on a weighted least squares with
alternating guidances. Specifically, in [14], only in the first
iteration the color image serves as the guidance, in the rest
iterations an interpolated intermediate depth is alternatively
used as the guidance. However, [14] does not really address
the problem of structure discrepancy. In its first iteration, there
is no screening mechanism to select consistent structures from
the color guidance. The rest iterations are actually to smooth
out the propagated inconsistent structures from the color in
the first iteration. In [15], Shen et al. proposed the concept of
mutual-structure to enhance the capability of joint processing
in restoring structure based on common information in target
and reference images. However, [15] ignores the statistical
prior of the target image itself, and thus has limited restoration
performance.
In this paper, we propose a unified optimization framework
for depth super-resolution by combining the internal smoothness prior and external gradient consistency constraint, both of
which are coherently defined in graph domain. The technical
contributions of this work are multi-fold:
• Depth maps consist of sharp boundaries and smooth
interior surfaces, and thus exhibit the piecewise
smooth (PWS) characteristic. The graph-signal smoothness prior has been shown to perform particularly well
in restoring the PWS signal [16]–[18]. Motivated by this
wisdom, we propose a new graph Laplacian regularizer,
which achieves normalization, DC preservation and graph
frequency interpretation simultaneously, and thus has
more desirable filtering properties than existing ones.
A specific weight matrix of the respect graph is defined
to make full use of information of both depth and the
corresponding guidance image.
• Moreover, our method is inspired by an observation that
the gradient of depth is small except at edge separating
regions. Therefore, discarding finite parts of the gradient
of intensity guidance is supposed to yield the gradient
of depth. We extend the traditional gradient operator to
the non-local case, and propose a graph gradient operator instead. Accordingly, we introduce a graph gradient
consistency constraint to remedy the problem of structure
discrepancy, which enforces the graph gradient of depth
is close to the thresholded gradient of intensity guidance.
We further interpret the hard thresholding operation as
variational optimization with L 0 -sparsity constraint.
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•

We provide experimental investigation to demonstrate
that the proposed internal smoothness prior and external gradient consistency constraint are complementary.
By combining them together, we achieve the best of
both worlds. Moreover, extensive experimental results are
provided to show that the proposed method achieves better performance than state-of-the-art color-guided depth
super-resolution methods.
The remainder of this article is organized as follows.
In Section II, we introduce the observation model and
graph-signal smoothness prior. In Section III, we detail the
proposed internal smoothness prior and external gradient consistency constraint. The numerical optimization strategy is
introduced in Section IV. The experimental results and analysis
are presented in Section V. Section VI concludes this paper.
II. P RELIMINARIES
In this section, we clarify the image observation model in
depth super-resolution, and introduce the graph signal model
that is important to the proposed method.
A. Image Observation Model
The observation model for depth super-resolution can be
described as
y = Hx + n,

(1)

where x ∈ R N denotes the original depth image or patch with
N pixels, H represents the degradation matrix corresponding
to the downsampling operation, n is the additive noise, and
y is the low-resolution observation.
The target of depth super-resolution is to recover x from
its degraded version y, which is an ill-posed inverse problem.
To make this problem traceable, some additional prior knowledge is required. In the following, we introduce the graph
signal modeling for depth, which serves as the basis for
the proposed internal and external regularizations in the next
section.
B. Graph Signal Model
A depth image or patch can be defined as a function on a
weighted graph G = (V, E, W), where V is a set of vertices;
E is the edge set, in which each edge connects a pair of nodes
in V; W is the adjacent matrix, with W (i, j ) as the weight
of the edge connecting vertices i and j , which measures the
similarity between i and j . A signal or function f : V → R
defined on the vertices of a graph can be represented as a
vector f ∈ R N . We consider G as an undirected graph, so that
W is symmetric weighted matrices, i.e., W (i, j ) = W ( j, i ).
Given the adjacency matrix W, we further define the degree
matrix D, which is a diagonal matrix, with i -th diagonal
element as the sum of all elements in the i -th row of W:

W (i, j ).
(2)
D(i, i ) =
j

A graph Laplacian matrix is then defined as,
L = D − W,
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which plays an important role in describing the underlying
structure of the graph signal. Since L is a real, symmetric,
positive semi-definite matrix, it can be decomposed into a set
of orthogonal eigenvectors, denoted by {ui }i=1,··· ,N , with real
non-negative eigenvalues 0 = η1 ≤ η2 ≤ · · · ≤ η N . We define
U as the eigen-matrix with ui ’s as columns and  as the
diagonal matrix with ηi ’s on its diagonal. L can thus be written
as:
L = UU .

(4)

We define the graph Fourier transform (GFT) matrix as U .
A graph-signal x can be transformed to the graph frequency
domain via:
α = U x.

where j ∼ i means that vertices j are connected to the vertex i
in the graph G, i.e., (i, j ) ∈ E. One can then drive the graph
Laplacian regularizer:
E(x) =

N
N
1
1 
(∇G x) (i )2 =
W (i, j )(x(i )−x( j ))2 .
2
2
i=1 j, j ∼i

i=1

(7)

Lr can also be represented as:
Lr = D−1/2 Ln D1/2 .

j, j ∼i

(6)

and random walk graph Laplacian Lr ,
Lr = D−1 L = I − A.

where g(i ) and g( j ) represent the pixel values in the guided
intensity image.
Definition 1: The graph Laplace operator of x at a vertex i
is defined as:

W (i, j ) (x(i ) − x( j ))
(10)
(G x)(i ) =

(5)

There exist two normalized variants of L: normalized graph
Laplacian Ln :
Ln = D−1/2 LD−1/2 ,

photometric similarity, but also by the counterpart guidance
information:




i − j22
x(i ) − x( j )22
exp −
W (i, j ) = exp −
2σ p2
2σs2


g(i ) − g( j )22
(9)
× exp −
2σc2

(8)

Similar to L, Ln is symmetric and real, it can also be
  . Lr is asymmetric, which
eigen-decomposed as Ln = VV
cannot be easily decomposed into a set of orthogonal eigenvectors with real eigenvalues as L.
III. J OINT I NTERNAL AND E XTERNAL R EGULARIZATION
Depth super-resolution is inherently under-determined.
In order to regularize such an ill-posed problem into a
well-posed one, we have to incorporate some assumption
about the depth itself and the correlation between depth
and guidance. In this paper, we consider both the internal
smoothness of depth and the external gradient consistency
between depth and guidance, which are coherently represented
in graph domain.
A. Internal Graph-Signal Smoothness Prior
In depth super-resolution, one important resource of signal priors is the RGB-D image statistics. Specifically, depth
exhibits the piecewise smooth (PWS) characteristic, i.e., it contains sharp edges, e.g., boundaries between foreground objects
and background, and within the edges surfaces are varying smoothly. Leveraging on the recent advance in graph
signal processing [16], in this work, we define an internal
graph-signal smoothness prior to represent the inherent PWS
property of depth.
For each N-pixel image patch x, in our method, a fullyconnected graph is constructed by connecting each pixel with
the rest ones in the patch. The edge weights of the graph
are tailored for the color-guided depth super-resolution task at
hand. Specifically, the edge weight W (i, j ) between a pair of
nodes in G is determined not solely by their geometric and

(11)
The graph Laplacian regularizer can be reformulated into a
matrix form:
2
1  
xi − x j W (i, j ).
(12)
x Lx =
2
(i, j )∈E

It shows that x Lx is small if x has similar values at
each vertex pair (i , j ) connected by an edge, or the edge
weight W (i, j ) is small. Thus, by minimizing x Lx, signal x
is promoted to be smooth with respect to the graph. Furthermore, with the definition of graph Fourier transform in (5),
the graph Laplacian regularizer can be written as:

ηk αk2 .
(13)
x Lx = α  α =
k

x Lx

can thus be written as a sum of squared GFT coefficients αk2 each scaled by the eigenvalue ηk , which is
interpreted as frequency in graph transform domain. By minimizing x Lx, high graph frequencies are suppressed while
low graph frequencies are preserved.
From a filtering perspective, (12) is defined on a
un-normalized graph Laplacian L, which is sensitive to the
vertex degrees of the graph. One can introduce normalized
graph Laplacian Ln to remedy this problem. However, the first
eigenvector of Ln is not a constant vector (DC component) in
general, the eigen-basis of Ln are not suitable for filtering of
images, which tend to be smooth. Another choice is random
walk graph Laplacian Lr , which is also normalized. However,
Lr is asymmetric, which does not have a clear graph frequency
interpretation of x Lr x as that for x Lx in (13).
To jointly achieve the desirable filtering properties, following the idea in [16], we propose to use Lr Lr to define the
internal smoothness prior for depth:
x Lr Lr x = x D1/2 Ln D−1/2 D−1/2 Ln D1/2 x
= (x D1/2 Ln )D−1 (Ln D1/2 x).
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If we write 
x = Ln D1/2 x, then (14) becomes:
x D−1
x.
x Lr Lr x = 

(15)

Since D−1 is a diagonal matrix, one can see that:

x
x
x

x
≤
x D−1
x≤
,
dmax
dmin

(16)

where dmax and dmin are maximum and minimum vertex
degrees in graph G. So instead of minimizing x Lr Lr x,
−1 
we can minimize its upper bound (dmin
)
x 
x, which has a clear
graph frequency interpretation:




1/2





x = x D VV VV D

x 

η̃k2 βk2 .
= β  2 β =

1/2

x
(17)

k

by minimizing which, high graph frequencies are suppressed to
restore smooth signal x. 
x
x can be most efficiently computed
as:
x
x = x LD−1 Lx.
E 1 (x) = 

Fig. 1.

Definition 2: The derivative of a signal f on an edge
(i, j ) ∈ E of the graph G is defined as:
(∇G f)(i, j ) :=

W (i, j ) ( f (i ) − f ( j )) , i, j ∈ V

(21)

The graph gradient of a function f at a vertex i ∈ V can then
be defined as:
(∇G f)(i ) = (∇G f)(i, j1 ), · · · , (∇G f)(i, jk ) , ∀(i, jk ) ∈ E.
(22)
With the above definition, we propose to solve a L 1 -gradient
fitting problem as the graph gradient consistency constraint:

(18)
E 2 (x) = min ∇G x − Tτ (∇G g)

For simplicity, we denote 
L = LD−1 L.

x

B. External Gradient Consistency Constraint
Besides internal statistical knowledge, the guided structural
information also offers useful prior constraint to regularize the
ill-posed problem. A basic assumption of the guided interpolation is that the guidance should contain correct structural
information. However, despite depth map and color image
are multi-modal observations of the same scene, 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 consists of smooth interior
surfaces separated by sharp boundaries. When intensity discontinuities are not consistent with those in depth, the wrong
guided structural information results in artifacts such as texture
copying and blurring in the upsampled depth.
In the proposed method, we introduce a gradient consistency
constraint to explicitly enforce that only the common structural
information between depth and guidance is considered during
depth upsampling. Our strategy is inspired by an observation
that the gradient of depth is small except at each edge
separating region. Therefore, discarding the finite parts of the
intensity gradient is supposed to yield the gradient of depth:
∇x = Tτ (∇g)

Eight directions for norm weight computation.

(19)

where ∇x and ∇g are the gradients of depth and intensity
guidance respectively; Tτ (·) is the hard-thresholding operator
that is defined as:

· |·|>τ
Tτ (·) =
(20)
0 o.w.
The traditional gradient operator only reflects the correlation
of neighboring pixels in the horizontal and vertical directions.
We extend it to the non-local case, i.e., we compute gradients
for any pairs of connected nodes on the graph even though
they are far from each other in the image plane, and propose
a graph gradient operator instead.

1

,

(23)

which can be further formulated into a threshold-free variational optimization
E 2 (x)


√
= min ∇G x−arg min || W · q−∇G g||22 + λ||q||0,W
x

q

,
1

(24)
where W is a non-negative weighting function that is
calculated from depth
 
γ 


∇
x
θ
i,
j
k
,
(25)
W(i, j ) = exp − k
3σ
where ∇θk denotes the directional derivative along direction θk .
Instead of only considering the horizontal and vertical directions, we use eight directional derivative filters, as shown
in Fig. 1.
We now consider how to address the L 0 -sparsity
sub-optimization problem in (24). We look for a vector
q
√
which is weighted sparse, while the weighted gradient W · q
remains close to the graph gradient of the intensity guidance.
By rewriting the optimization problem component-wise, and
explicitly using the definition of the L 0 -cost function [19],
we get
q(i, j ) = arg min W (i, j )(q − (g(i ) − g( j )))2
q

+ λW(i, j ) (1 − δ(q)) (26)
where δ is the Dirac distribution. It can be found that
the above minimization has at most two local minima,
i.e., {0, g(i ) − g( j )}, and the global minimum is determined
by comparing the cost associated with these two candidates:

0 if W (i, j )(g(i ) − g( j ))2 ≤ λW(i, j ),
q(i, j ) =
(27)
g(i ) − g( j ) o.w.

Authorized licensed use limited to: Tsinghua University. Downloaded on March 17,2020 at 08:34:16 UTC from IEEE Xplore. Restrictions apply.

1640

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 28, NO. 4, APRIL 2019

IV. O PTIMIZATION
Finally, by combining the proposed internal smoothness
prior and external graph gradient consistency constraint,
the depth super-resolution task can be addressed by solving
the following regularized optimization problem
x∗ = arg min y − Hx22 + αx
Lx + β ∇G x − q
x

1

•

(28)

where q represents the thresholded gradient of the guidance
image, which is fixed in optimization.
In practice, we do not directly optimize the above objective
function, but reformulate it as follows:
x∗ = arg min x − x(0)
x

2
2

+ αx
Lx + β ∇G x − q

1

,

e(k+1) = arg min β e−q1 +ε e − ∇G x(k+1) −
e

2

x,e

2

Lx + β e − q1 , s.t. e = ∇G x.
+ αx
(30)

This problem can be solved using ADMM [20] by constructing an augmented Lagrangian which is given by
min x − x(0)
x,e

2
2

2
2



+ 2 μ, ∇G x − e . (31)

The ADMM optimization of (31) essentially involves iterations of the following three sub-optimization problems:
• Step 1: optimization on x
In the first iteration, we initially set x(0) as the result of
the classical bicubic algorithm, e(0) = ∇G x(0) and μ(0) =
0.01. In the k + 1t h iteration, according to the estimated
e(k) and μ(k) in the last iteration, we drive x by
x(k+1) = arg min x − x(k)
x

2
2

Lx
+ αx

+ ε ∇G x − e

2

where the soft thresholding operator is defined as
⎧
⎪
⎨x + τ, if x < −τ
S(x, τ ) = 0,
if |x| ≤ τ
⎪
⎩
x − τ, if x > τ
•

(37)

Step 3: optimization on μ
With the derived x(k+1) and e(k+1) , we update μ as


(38)
μ(k+1) = μ(k) + ε ∇G x(k+1) − e(k+1)

The above three sub-steps are iteratively performed for a
few iterations. The finally obtained x serves as the upsampled
depth.
V. E XPERIMENTS

Lx + β e − q1
+ αx
+ ε ∇G x − e

2

which can be addressed by soft thresholding


μ(k) 1
(k+1)
(k+1)
e
,
+ q, (36)
= S ∇G x
−q+
ε 2ε

x(0)

min x − x(0)

μ(k)
ε

(35)

(29)

is the initial interpolation result by the classical
where
bicubic algorithm. In the following, we optimize (29) instead
of (28), such that the estimated result x(k) in the k t h iteration
can be used as x(0) in the next k + 1t h iteration. More
importantly, (29) is independent to the degradation model,
and thus is able to handle more general depth degradation
scenarios, as long as an initial estimation x(0) is provided.
For the above optimization, we split it into a constrained
minimization with two variables:

where I is the identity matrix. Since 
L and L are both
diagonal and semi-definite, α
L+I−εL is a sparse matrix.
Therefore, we can solve for x(k+1) using conjugate gradient with a few iterations.
Step 2: optimization on e
According to x(k+1) , we formulate the optimization for
e as

(k)

μ(k)
+
ε

2

(32)
2

which is differential, and we propose to solve its
Euler-Lagrange equations:



μ(k)
(k)
(k)

0 = 2 x−x +α Lx − εG x+εdivG e −
ε
(33)
Then we obtain a recovered depth map as




−1 (k)
μ(k)
(k+1)
(k)

x − εdivG e −
x
= α L+I−εL
ε
(34)

In this section, extensive experimental results are presented to demonstrate the superior performance of our depth
super-resolution approach.
A. Setting
The depth maps tested in our experiments are selected
from the Middlebury Stereo dataset. Comparisons are made
between the proposed method and five state-of-the-art depth
recovery methods including: joint geodesic filtering (JGF) [8],
mutual-structure joint filtering (MSJF) [15], fast guided global
interpolation (FGI) [14], the robust color guided model
(RCG) [21], and joint local structure and nonlocal low-rank
regularization (LN) [10]. The source codes of compared methods are all provided by their authors. For some methods that
are not specifically designed for the task of super-resolution,
we carefully tuned their parameters to report the best results.
To promote reproducible research, we describe in details
the parameter setting in our experiments. The parameters for
defining the graph weight are set as
⎧
⎪
⎨σc = 100, σs = 10, σ p = 50 if rate = 4×
σc = 10, σs = 20, σ p = 50
if rate = 8× (39)
⎪
⎩
σc = 10, σs = 200, σ p = 100 if rate = 16×
Specifically, α in (28) is set to 0.32, 0.14, and 0.10, and
β is set to 0.008, 0.005, and 0.003 for 4×, 8×, and
16× upsampling respectively. In (25), γ and σ are set
to 0.9 and 60, respectively. λ is empirically set to 0.04 in (27).
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TABLE I
O BJECTIVE P ERFORMANCE C OMPARISON [ IN RMSE]

We tried nine values for λ, i.e., from 0.01 to 0.09 with
step = 0.01. When λ = 0.04, the best RMSE performance
is achieved in most test images. In addition, according to
our experimental experience, different values of λ affect the
final recovery results very slightly. The patch size used in our
method is 16 × 16 with overlapping step 6.
B. Objective Performance Comparison
Table I presents the quantitative results in terms of RMSE
values. To create low resolution images, we smooth and downsample the ground truth beforehand at three upsampling rates:
4×, 8×, 16×. The best results are highlighted in bold. It can
be seen that in most cases the proposed approach outperforms
other compared state-of-the-art methods with large margin.
Specifically, compared with the second best results (LN),
our method achieves average RMSE gains as 0.4138 (4×),
0.1999 (8×) and 0.8845 (16×) for three rates, respectively.
It is worth noting that, compared with MSJF, which also
considers inconsistency between depth and color, our method
achieves much better RMSE performance. MSJF ignores the
statistical prior of the target image itself, and thus has limited
restoration performance.
C. Subjective Performance Comparison
We further provide subjective quality comparison among
seven methods. Fig. 2 shows visual comparison of 8× upsampling results on the test image Art. To clearly show the
details, two cropped patches are displayed at the bottom
of the corresponding images. As shown in the highlighted
regions, JGF introduces noticeable texture copying artifact.
MSFJ suppresses the texture copying artifact very well, however, the reconstructed edges are blurred. FGI also introduces
a little bit texture copying artifact. The RCG method produces
recovered depth with jagged artifact, while the result of LN is
somewhat blurred. This is because, they do not consider the
inconsistency between depth and the guided intensity image.
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In contrast, the proposed method keeps discontinuities in the
upsampled depth maps well, in which the edges are clean
and sharp, thanks to both internal and external regularizations
employed.
In Fig. 3 , we provide visual comparison of 8× upsampling
results on the test image Reindeer. FGI and RGC have noticeable ghosting artifact around the object boundary. Our method
achieves the best edge preservation performance. As illustrated
in Fig. 4, for the test image Laundry, our method also achieves
the best subjective performance.
D. Comparison With Deep Learning Based Generic
Image Super-Resolution Method
In recent years, deep convolutional neural network (CNN)
based methods have achieved great success in super-resolution
of natural images, such as the famous work SRCNN [22]. It is
interesting to see what would happen when such a technique is
directly applied to the depth map super-resolution. We provide
the comparison results of the compared methods with SRCNN,
as shown in Table II. The results on rate = 2× and rate =
4× are provided, since the authors of SRCNN only provided
CNN training models on these two rates. From the results,
it can be found that, even though SRCNN is trained using
generic images, its performance is better than other depth
super-resolution methods. In contrast, the proposed method
works better than SRCNN. When rate = 2×, the average
PSNR gain is 2.82dB; when rate = 4×, the average PSNR
gain is 1.78dB. These results further demonstrate the superior
performance of our method.
E. Joint vs. Internal vs. External
As stated in Section III, our method jointly exploits the
internal smoothness prior and external gradient consistency
constraint. A natural question is then: what are the contributions of internal and external priors to the final result?
We investigate this point by experiments.
We test three cases:
• Joint Scheme: This is the complete scheme of this work,
as formulated in (29).
• Internal Regularization: This is the case that only exploits
the internal smoothness prior for depth super-resolution,
i.e., the first and section terms in (29).
• External Regularization: This is the case that only
exploits the external gradient consistency constraint for
depth super-resolution, i.e., the first and third terms
in (29).
As shown in Table III, we can find that, the internal regularization is more reliable than the external regularization, and
the internal and external regularizations are complementary.
By casting them together, we achieve much better RMSE
performance than cases using only one of them. These results
demonstrate that the motivation of jointly exploiting the internal and external information is reasonable, and the proposed
strategy is effective.
F. Comparison of Different Graph Laplacian Regularizers
In our scheme, we define a new normalized graph Laplacian
as the internal smoothness prior of depth. To demonstrate
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Fig. 2. Visual quality comparison at 8× upsampling for the test image Art: (a) the corresponding color image, (b) the ground truth depth image, (c) JGF,
(d) MSJF, (e) FGI, (f) LN, (g) RCG, (h) the proposed method.

Fig. 3. Visual quality comparison at 8× upsampling for the test image Reindeer: (a) the corresponding color image, (b) the ground truth depth image,
(c) JGF, (d) MSJF, (e) FGI, (f) LN, (g) RCG, (h) the proposed method.

the effectiveness of this prior, we compare our proposal
with un-normalized graph Laplacian that is defined in (3),
normalized graph Laplacian that is defined in (4). As shown

in Table IV, we can find that, compared with un-normalized
graph Laplacian, our proposed graph Laplacian regularizer works better for all cases expect Art at rate = 8×;
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Fig. 4. Visual quality comparison at 8× upsampling for the test image Laundry: (a) the corresponding color image, (b) the ground truth depth image,
(c) JGF, (d) MSJF, (e) FGI, (f) LN, (g) RCG, (h) the proposed method.

TABLE II
O BJECTIVE P ERFORMANCE C OMPARISON W ITH D EEP L EARNING BASED
G ENERIC I MAGE S UPER -R ESOLUTION M ETHOD [ IN PSNR(dB)]

compared with normalized graph Laplacian, our proposal wins
for all cases.
G. Comparison Results on Real Sensor Data
Besides the simulated Middlebury dataset, we further use
three real sensor data Books, Shark and Devil, as introduced

TABLE III
P ERFORMANCE C OMPARISON [ IN RMSE] A MONG J OINT S CHEME ,
I NTERNAL R EGULARIZATION AND E XTERNAL R EGULARIZATION

in [9], as the additional test set. As stated in [9], these data are
acquired with a Time of Flight (ToF) and an intensity camera
simultaneously on different scenes. Specifically, the depth
images are acquired by a PMD Nano ToF camera delivering a 120 × 160 dense depth measurement. The intensity
image is acquired by a CMOS camera with a sensor size of
810 × 610 pixel. We provide a quantitative evaluation of four
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TABLE IV
P ERFORMANCE C OMPARISON [ IN RMSE] A MONG U N -N ORMALIZED
G RAPH L APLACIAN , N ORMALIZED G RAPH L APLACIAN
AND O UR P ROPOSAL

TABLE V
P ERFORMANCE C OMPARISON [ IN RMSE] ON
T HREE R EAL S ENSOR D ATA

compared methods on these three real world datasets as shown
in Table V. The upsampling error is calculated by the RMSE
to the ground-truth depth map which is measured with the
highly accurate structured light scanner. It can be found that
the proposed method achieves lowest RMSE among compared
methods.
VI. C ONCLUSION
In this work, we propose an effective depth maps superresolution method based on both internal and external regularizations of depth maps—graph-signal smoothness prior and
gradient consistency between depth map and corresponding
color image. Graph-signal smoothness prior has shown to
perform well on piecewise smooth signal. We introduce a
novel graph Laplacian regularizer with specific defined weight
matrix of the respect graph, which can make full use of
the information between depth map and the corresponding
color image. In addition, to remedy the problem of structure discrepancy, we introduce graph gradient consistency
regularization to enforce the graph gradient of depth to be
close to the thresholded gradient of the intensity guidance.
In both quantitative and qualitative evaluations, our method
outperforms existing state-of-the-art methods by a margin over
widespread test images.
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