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Abstract

Depth images are often presented at a lower spatial resolution, either due to limitations in the

acquisition of the depth or to increase compression efficiency. As a result, upsampling low-

resolution depth images to a higher spatial resolution is typically required prior to depth image

based rendering. In this paper, depth enhancement and up-sampling techniques are proposed us-

ing a graph-based formulation. In one scheme, the depth is first upsampled using a conventional

method, then followed by a graph-based joint bilateral filtering to enhance edges and reduce

noise. A second scheme avoids the two-step processing and upsamples the depth directly using

the proposed graph-based joint bilateral upsampling. Both filtering and interpolation problems

are formulated as regularization problems and the solutions are different from conventional ap-

proaches. Further, we also studied operations on different graph structures such as star graph and

8-connected graph. Experimental results show that the proposed methods produce slightly more

accurate depth at the full resolution with improved rendering quality of intermediate views.
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ABSTRACT

Depth images are often presented at a lower spatial resolution, either

due to limitations in the acquisition of the depth or to increase com-

pression efficiency. As a result, upsampling low-resolution depth im-

ages to a higher spatial resolution is typically required prior to depth

image based rendering. In this paper, depth enhancement and up-

sampling techniques are proposed using a graph-based formulation.

In one scheme, the depth is first upsampled using a conventional

method, then followed by a graph-based joint bilateral filtering to

enhance edges and reduce noise. A second scheme avoids the two-

step processing and upsamples the depth directly using the proposed

graph-based joint bilateral upsampling. Both filtering and interpola-

tion problems are formulated as regularization problems and the so-

lutions are different from conventional approaches. Further, we also

studied operations on different graph structures such as star graph

and 8-connected graph. Experimental results show that the proposed

methods produce more accurate depth at the full resolution with im-

proved rendering quality of intermediate views.

Index Terms— 3D Video, Depth Upsampling, Graph-based Im-

age Processing, Joint Bilateral

1. INTRODUCTION

In 3D video applications, depth images enable many advanced fea-

tures, e.g., supporting a multiview autostereoscopic display with a

limited set of input views, or adjusting the perceived depth from a

stereo display. To support these applications, depth has become an

integral component in next-generation 3D data formats as standard-

ized extensions of both AVC and HEVC. It is assumed that depth im-

ages are captured by range cameras or computed via stereo matching

algorithms. Together with the multi-view texture images, it is possi-

ble to generate a synthesized virtual view using depth image based

rendering (DIBR) techniques.

Unfortunately, depth is often available at a low resolution rel-

ative to its corresponding color component. For example, state-of-

art range cameras currently acquire depth at much lower resolutions

compared to conventional color cameras. Also, depth is typically

coded at a lower spatial resolution in order to improve overall cod-

ing efficiency. Since a depth value is required for each color pixel in

conventional DIBR rendering procedures, it is necessary to upsam-

ple and enhance the low-resolution depth image.

Traditional upsampling algorithms that are used for color im-

ages are not suitable for depth since depth images are characterized

by smooth areas partitioned by sharp object boundaries. As such,

various methods have been considered that utilize edge information
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to improve the processing of depth. Some of these methods have also

exploited the similarity between the collocated color image (which

is often available) and the depth image. For instance, joint bilateral

filter (JBF), which is widely used for depth denoising and upsam-

pling [1], utilizes color difference and pixel distance between tar-

get pixel and its neighboring pixel to adapt filter weights to image

structure. A trilateral filter was proposed in [2] that extends JBF by

making use of the pixel difference in depth map. On top of that, [3]

included pixel difference across different views in the cost function.

Recently, the block graph-based transform (GBT) has been suc-

cessfully applied to the problems of depth coding [4], upsampling [5]

and denoising [6]. [5] features a synthesized view matching (which

was also used in [3]) and piecewise smoothness enforcement by

keeping only the lowest L coefficients in the GBT domain. [6]

groups similar image patches and force the group sparsity of the

GBT coefficients.

In this paper, we formulate the problems from the the graph-

based image filtering and graph interpolation point of view recently

presented in [7] and [8]. Different from [5] and [6], instead of

forcing sparsity or hard thresholding the coefficients which may be

viewed as ideal lowpass graph filtering operations, we enable the use

of an arbitrary graph filter to regularize the solution, which includes

but not limited to an ideal lowpass filter. Different from [5] where

the texture maps of the same and neighboring view points are used,

and different from [6] where the availability of the texture map is not

assumed, we use the texture map of the same view point in calculat-

ing the link weights. The rest of the paper is organized as follows:

after a brief review of existing work on graph-based image process-

ing in Section 2, we present graph-based joint bilateral filtering and

upsampling techniques applied to depth images utilizing the corre-

sponding textures in Section 3. Experimental results are presented

in Section 4 and concluding remarks are given in Section 5.

2. OVERVIEW OF GRAPH-BASED IMAGE PROCESSING

The field of graph-based signal processing is generating significant

interest in recent years [9]. We start by introducing some basic def-

initions and notation. An undirected graph G = (V,E) consists

of a collection of nodes V = {1, 2, ..., N} connected by a set of

links E = {(i, j, wij)},i, j ∈ V where (i, j, wij) denotes the link

between nodes i and j having weight wij . The adjacency matrix

W of the graph is an N × N matrix, the degree di of a node i is

the sum of link weights connected to node i. The degree matrix

D := diag{d1, d2, ..., dN} is a diagonal matrix, and the combina-

torial Laplacian matrix is L := D − W. The normalized Lapla-

cian matrix L := D
−1/2

LD
−1/2 is a symmetric positive semi-

definite matrix. Therefore, it has eigendecomposition L = UΛUt,

where U = {u1, ...,uN} is an orthogonal set of eigenvectors and



Fig. 1. An illustration of the graph structures used in a bilateral filter

(left) and the proposed graph-based joint bilateral filter (right).

Λ = diag{λ1, ..., λN} is its corresponding eigenvalue matrix.

The eigenvectors and eigenvalues of the Laplacian matrix pro-

vide a spectral interpretation of the graph signals. The eigenvalues

{λ1, ..., λN} can be treated as graph frequencies and are always sit-

uated in the interval [0, 2] on the real line for the normalized Lapla-

cian. The Graph Fourier Transform (GFT) is defined as a projection

of a signal x onto the eigenvectors U of the graph Laplacian:

x̃ := U
t
x. (1)

Since a graph spectral domain is introduced with GFT, Graph

Spectral Filtering (GSF) is defined as:

x̃out := H1(Λ)x̃in, (2)

where x̃in and x̃out are the spectral representations of the input and

output signals, respectively, and H1 (Λ) = diag (h1 (λi)). h1 (λi)
is the spectral response of the filter. If h1 (λi) is a polynomial, the

graph filtering can be directly applied on the graph Laplacian in the

vertex domain:

xout = UH1(Λ)U
t
xin = H(L)xin. (3)

It should be noted that when normalized Laplacian matrix is

used to define the GFT, the input signal should be properly normal-

ized and a normalized output signal is produced as will be described

in the following subsection.

2.1. Graph spectral interpretation of conventional image filters

A graph spectral interpretation of conventional image filters has been

discussed in [7] and will be briefly reviewed here. For any image

filter and an input image x̂in, the pixels in the output image x̂out

can be written as a weighted average of the pixels in x̂in:

x̂out [j] =
∑

i

wij

Σiwij
x̂in [i] , (4)

where wij is the weighting coefficients between pixel i and j. Note

that with this general notation we can accommodate adaptive filter-

ing operators and we do not need to consider only shift invariant

operators. As a special case, the weights of the bilateral filter [10]

are defined by

wij = exp

(

−
‖pi − pj‖

2

2σ2
s

)

exp

(

−
(xin [i]− xin [j])2

2σ2
r

)

. (5)

Now a graph is constructed as shown in Fig. 1 (left), where pixel

j at the center is to be filtered. It is connected to all pixels within a

specific window. The weights of the links in the graph are defined

by the image filter weights wij , where i is the index of one of the

Fig. 2. Application of GB-JBF for depth denoising (a) and GB-JBU

for depth upsampling (b).

pixels connected to j. Then the filtering operation can be rewritten

as:

x̂out = D
−1

Wx̂in, (6)

where [W]ij = wij and D is the corresponding degree matrix, so

that D−1 is the normalization term in (4).

Given the graph filtering framework, we are now able to analyze

the graph spectral response of a conventional image filter by rewrit-

ing (6) and left multiplying D
1/2 on both sides:

D
1/2

x̂out = (I− L)D1/2
x̂in

xout = (I− L)xin, (7)

where the last step is obtained by defining the normalized input

xin = D
1/2

x̂in and output xout = D
1/2

x̂out. This normalization

enables us to have a spectral interpretation of the conventional filter

and it also ensures that a normalized constant signal is an eigenvec-

tor of L associated with zero eigenvalue [7]. A graph vertex domain

filtering interpretation of a conventional image filter is thus obtained

by comparing (3) and (7):

Hc = I− L. (8)

In the graph spectral domain, the response of the graph spectral filter

H1,c is:

H1,c = U
t
HcU = I−Λ. (9)

This shows that the conventional image filter penalizes the higher

frequencies while allowing lower frequencies to pass in the graph

spectral domain, as illustrated in Fig. 3.

An extension of the conventional image filters using the graph

spectral filtering has been proposed in [7]. After defining a graph

from the conventional filter weights, the signal defined on the ver-

tices can be processed using a graph filtering operation. It is demon-

strated that a general design of the graph spectral filter is beneficial

and an approximation method using the Chebyshev approximation

of the desired spectral response is used in order to avoid expensive

diagonalization of the Laplacian matrix. An additional extension

of [7] is proposed in this paper with graph specified from a guidance

image.

3. GRAPH-BASED JOINT BILATERAL FILTERING AND

UPSAMPLING

In this paper, the graph-based image processing approaches pre-

sented in the previous section are applied to depth processing prob-

lems, especially when depth is present at low resolution and denois-

ing or upsampling is required.



Fig. 3. Comparison of the graph spectral response between the con-

ventional image filter (9) and the proposed one (13).

It is known that directly applying conventional image processing

methods to depth images may result in annoying artifacts along ob-

ject boundaries, so that the rendered object may have artifacts along

the contours. Viewers are very sensitive to such artifacts, so the

processing of edges in depth images requires special attention. As

done in prior work, e.g. [1] [3], we aim to exploit the correlation be-

tween color images and depth images along the object boundaries.

To achieve this, we consider graph constructions where the weights

between the pixels are defined as joint bilateral weights, which, as

proposed in [1], take the form:

wij = exp

(

−
‖pi − pj‖

2

2σ2
s

)

exp



−

(

Ĩ [i]− Ĩ [j]
)

2

2σ2
r



 . (10)

Note that in contrast to the bilateral filter, the weights of the joint

bilateral filter are calculated using a guidance image Ĩ rather than the

input values xin. This is especially effective when the input image

is noisy (as in the depth denoising problem) or unavailable (as in the

depth upsampling problem).

3.1. Graph-based joint bilateral filtering (GB-JBF)

In a first scheme, we assume that a conventional upsampling algo-

rithm, e.g., a bilinear filter, is used to produce the depth image at full

resolution, as shown in Fig. 2(a). Since the resulting image will be

smooth along depth edges or contain erroneous sample values, we

further process the depth image using a proposed graph-based joint

bilateral filter (GB-JBF) to denoise the upsampled image.

A regular grid graph is first constructed with nodes only con-

nected to their immediate 8-connected neighbors as shown in Fig. 1

(right) with joint bilateral weights. The color image contains a super-

set of edges of the depth image, and thus the graph filtering operation

will not filter across the depth edges. After the joint bilateral graph

is defined, the denoising problem is formulated as a regularization

problem as in [7]:

ẋ = argmin
x

‖xnoisy − x‖2
︸ ︷︷ ︸

A

+ρ ‖Hrx‖
2

︸ ︷︷ ︸

B

, (11)

where xnoisy is the observation or noisy depth image, and Hr is

the regularization kernel, which is designed as a high pass graph

filter. Part A is a data-fitting term that computes the error between

the reconstructed signal and the original signal at the known samples,

while part B is the Euclidean norm of the output of a highpass graph

filter Hr . The closed form solution is given by:

ẋ =
(
I+ ρH

t
rHr

)
−1

xnoisy. (12)

Compared with the conventional image filters, such as BF and

JBF, whose graph spectral responses are fixed, the proposed scheme

allows us to design the response of the filter in the graph spectral

domain. An illustration of the comparison is shown in Fig. 3. In

this paper specifically, we choose h1,r(λ) = λ as the regularization

kernel. The parameter ρ in (11) is pre-determined to balance the two

terms. Hence the spectral response of the whole denoising filter is

h1(λ) =
1

1 + ρλ2
, (13)

which is a lowpass filter.

Further, Chebyshev approximation is used to approximate the

spectral response of the graph filter using a degree k polynomial, so

that the graph filter is a degree k polynomial of the graph Laplacian.

This can be interpreted as a k-hop operator operated on a simple

regular grid graph. In contrast, from the graph filtering point of view,

the conventional filter is a one-hop operator on a more complicated

graph with each node connected to all pixels in the window.

3.2. Graph-based joint bilateral upsampling (GB-JBU)

In the second scheme, a graph-based joint bilateral upsampling (GB-

JBU) is proposed to upsample the low-resolution depth image using

the corresponding color image, as shown in Fig. 2(b). Similar to [8],

the depth upsampling problem is formulated as a graph interpolation

problem with regularization:

ẋ = argmin
x

‖J (xdu − x)‖2 + ρ ‖Hrx‖
2
, (14)

where J : RN → R
M denotes the downsampling operator. M is

the size of the known subset of samples, and N is the size of the

full set of samples. J can be represented in the following form by

appropriate permutation: JM×N =
(
IM×M |0M×(N−M)

)

M×N
.

xdu is the down-upsampled signal and can be expressed in the

following form with appropriate permutation xdu = [x(S)t,0(Sc)t]t,
and Hr is a regularization graph filter which is designed as high

pass. Note that the weights follow the same form as the GB-JBF in

(10). The solution is then given as:

ẋ =
(
J
t
J+ ρH

t
rHr

)
−1

xdu. (15)

To reduce the complexity, the down-upsampled high resolution

image is first partitioned into blocks with overlapped borders. We

explored two approaches using two different graph structures: start

graph and 8-connected graph. In the first approach, a star graph is

constructed for each missing pixel in the block. The node at the

center represents the missing pixel and the graph links are connected

to nodes corresponding to known pixels within the block. In the

second approach, an 8-connected graph is constructed on the down-

upsampled image block. Then all missing pixels are interpolated in

a single step using (15).

4. EXPERIMENTS AND DISCUSSIONS

Experiments are conducted to study the performance of the proposed

graph-based joint bilateral approaches. They are tested in the sce-

nario shown in Fig. 2. The inputs are uncompressed depth videos

with the down-sampling factor of 4 in both horizontal and vertical



(a) JBF (b) GB-JBF

(c) JBU (d) GB-JBU

Fig. 4. Example view synthesis results using different algorithms

performed on down-sampled depth map with a factor of 4 in each

direction.

directions. For GB-JBF, a bilinear filter is used to upsample the in-

put depth map to the high resolution before GB-JBF is used to cor-

rect the resampling error. GB-JBU, on the other hand, is performed

directly on the down-sampled depth video. The reconstructed depth

videos together with their co-located texture videos are then used for

view synthesis. For each test sequence, there are three input views

and two synthesized views specified in the Common Test Condition

(CTC) in JCT-3V [11].

Two reference methods are compared with GB-JBF: BF and

JBF. A fast algorithm proposed in [12] is used for BF and JBF ex-

periments. An implementation of the block-based JBU is compared

with GB-JBU so the the supporting pixels are the same for both ap-

proaches. In both graph-based approaches, the regularization kernel

is selected as a high pass filter h1(λi) = λi, and ρ = 1. For GB-

JBF, we used a polynomial of degree 5 to approximate the original

graph spectral response. For upsampling, the block size is set to 9.

Tables 1 and 2 show the average PSNR over 10 frames between

virtual views synthesized by the original depth and the reconstructed

depth for the test sequences Undo Dancer (UD) and GT Fly (GT).

The subjective results are consistent with the numerical ones. We

present sample images in Fig. 4.

It can be observed that the one-step upsampling approaches

(JBU/GB-JBU) are in general better than the two-step approaches

in terms of objective quality and subjective quality. Although the

denoising after the bilinear filter corrected some errors, we noticed

that the object boundaries in the virtual view are blurred. This is

due to the bilinear filter processes across edges in the depth map.

This negative effect can be reduced by the one-step upsampling

approaches.

In terms of objective quality, the both proposed graph-based ap-

Table 1. View synthesis PSNR[dB] for depth denoising; UD:

Undo Dancer, GT: GT Fly

seq. view BF JBF GB-JBF

UD left 37.30 36.96 36.69

right 35.84 36.25 37.17

avg. 36.57 36.60 36.93

GT left 45.77 46.02 46.07

right 45.60 45.83 45.89

avg. 45.69 45.93 45.98

Table 2. View synthesis PSNR[dB] for depth upsampling; UD:

Undo Dancer, GT: GT Fly; S: star-graph; 8: 8-connected graph

seq. view JBU[1] GB-JBU(S) GB-JBU(8)

UD left 39.95 39.97 39.73

right 40.16 40.24 40.12

avg. 40.06 40.10 39.92

GT left 49.22 49.30 47.39

right 49.27 49.36 47.44

avg. 49.24 49.33 47.41

proaches provide a little bit of the gain over the conventional ones.

Specifically, GB-JBF is 0.05-0.3dB better than JBF on average. And

the GB-JBU with the star-graph is 0.05-0.1 better than JBU with the

same settings.

The current result for GB-JBU with 8-connected graph is worse

than both the JBU and GB-JBU with star graph. This is mainly be-

cause the weak links in the sparse graph. If no weak link prevention

method is used, some thin outliers can be observed in the interpo-

lated depth map. So we manually set a hard threshold to prevent

weak links, and it has effectively suppressed the outliers. However,

the threshold is empirical and may have deteriorated the objective

quality. This may be a research topic of our future work.

In the above experiments GB-JBU is evaluated in a scenario

where all supporting pixels are assumed to be reliable. However,

in many applications(such as coding), the supporting pixels contain

error and/or noise. Noting that the GB-JBF (12) and GB-JBU so-

lutions (15) have similar forms, it is possible to combine GB-JBF

and GB-JBU approaches into a single-step graph-based depth recon-

struction filter, which consists of both denoising and upsampling.

This is left to our future work.

5. CONCLUSIONS

In this paper, a graph-based joint bilateral filtering (GB-JBF) and a

graph-based joint bilateral upsampling (GB-JBU) are developed and

evaluated for depth map denoising and upsampling in the context of

3D video rendering applications. Both the denoising problem and

interpolation problems are formulated as a regularization problem as

in [7] and [8]. This paper proposes to use joint bilateral weights to

define the graph weights such that the depth image can be filtered

in the resulting graph spectral domain. We have also studied the

trade-off using different graph structures.

Several extensions of the work may be considered, e.g. the de-

sign of the optimal regularization kernel. A single-step depth de-

noising and upsampling is to be evaluated.
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