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ABSTRACT

The accurate recovery of missing values in depth maps is
an important problem in computer vision and image process-
ing. In depth maps with large, irregular missing regions (i.e.,
sparse depth maps) inaccuracies arise when depth values of
known pixels are used to recover depth near object edges
and depth discontinuities (leakage). In order to overcome
this problem, we propose an iterative region-based depth re-
covery method. In the proposed approach, the depth recov-
ery problem is solved iteratively for each region of the seg-
mented image in order to reduce the effect of leakage. Quan-
titative and qualitative experiments conducted on real data
sets show promising results when comparing the proposed ap-
proach with state-of-the-art methods.

Index Terms— Depth recovery, depth map, inpainting,
RGBD, segmentation

1. INTRODUCTION

The accurate estimation of simultaneous color and depth in-
formation is important for many different applications, such
as 3D scene reconstruction [1], object detection [2, 3], ac-
tivity and scene recognition [4, 5] and segmentation [6, 7].
This problem is often solved by the simultaneous use of ac-
tive depth estimation sensors and RGB cameras. For instance,
the well known Microsoft’s Kinect sensor combines a struc-
tured light sensor with an RGB camera. Recently, due to their
high speed and compactness, time of flight (TOF) sensors are
increasingly becoming a popular alternative for depth mea-
surement [8].

Despite the promising results obtained by combining ac-
tive depth sensors and RGB cameras, this approach has sev-
eral limitations and challenges. Specifically, non-lambertian
surfaces, noise, reflective surfaces, and occlusions often result
in corrupted depth estimates and missing information. The
problem of recovering missing information, namely depth re-
covery, is closely related to image inpainting [9, 10]. In sim-
ple terms, guided depth recovery methods try to infer missing
depth values by leveraging texture or color priors found in
RGB images. More specifically, most existing approaches ex-
ploit global optimization methods in order to propagate depth

Fig. 1: Highly sparse depth maps. From left to right: original
depth map, RGB image and warped sparse depth map.

values into missing regions based on color and texture consis-
tency. Utilized techniques include Laplace and mode filters
[11, 12], Markov random fields (MRF) [13, 14, 15], multi-
lateral filters [16, 17, 18] and non-linear diffusion and varia-
tional frameworks [19, 20], among others [21, 22, 23, 24, 25,
26].

The aforementioned methods yield compelling results for
solving upsampling problems and filling in relatively small
holes in the depth maps. However, as the unknown regions
become large and irregular, these methods may not be able to
produce accurate results and artifacts are introduced. In par-
ticular, in highly sparse depth maps, recovered depth becomes
inaccurate as known depth estimates propagate through large
unknown regions near object edges and depth discontinuities.

Highly sparse depth maps are typically obtained when
there are large differences between the resolution of the depth
sensor and the RGB camera, as well as due to large differ-
ences between the poses (location and orientation) of these
devices. For illustration, Fig. 1 shows the result of warping
a depth map captured by a TOF sensor into the frame of an
RGB camera. Due to the difference in resolution and pose,
the resulting depth map is highly sparse.

This paper proposes an iterative method for depth recov-
ery in highly sparse depth maps. The proposed approach
works by restricting the propagation of known depth val-
ues only into highly-consistent, independent image regions.
For this purpose, the recovery problem is formulated based
on the segmentation map obtained from the RGB image
and is solved iteratively for each segmented region using an
adjacency-based anisotropic diffusion framework. Quantita-
tive and qualitative experiments on real datasets show that the
proposed approach yields more accurate depth recovery than
state-of-the-art methods for different levels of sparsity.
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2. PROPOSED METHOD

The aim of the proposed approach is recovering missing depth
values in a highly sparse depth map for which there is an RGB
image available. From the RGB image, a segmentation map
is obtained as a pre-processing step using either supervised or
unsupervised segmentation methods [27, 28]. Subsequently,
depth recovery is performed at two different levels: the re-
gion level (region-based inference) and the image level (iter-
ative depth recovery). Each one of these stages are presented
in the next sections. For the results presented in this paper,
the GrabCut algorithm has been used in order to generate the
segmented images [27, 29]. For the sake of brevity, it is as-
sumed that the segmented image has been generated in a pre-
processing step.

2.1. Iterative depth recovery

Let S = {si, i = 1, 2, · · · , n} bet the set of n regions in the
segmented image (segmented regions), and M = {mj , j =
1, 2, · · ·m} be the set of m regions with missing values in
the depth map (missing regions)1. Our hypothesis is that, for
large regions with missing values, the accuracy of recovered
pixels is reduced as known depth values leak into neighbor
regions of the segmented images (leakage).

In order to reduce the effect of leakage, the depth recov-
ery problem must be solved independently and iteratively for
each segmented region. Specifically, we seek to generate a
new set of p missing regions P = {pk, k = 1, 2, · · · , p}
that maximize the overlap between missing regions and seg-
mented regions with ∪pk=1pk = M. For this purpose, let us
define the relative overlap O ∈ [0, 1] between two arbitrary
regions, a and b, as:

O(a,b) = |a ∩ b|/|a| (1)

The new set of missing regions can be then generated us-
ing Algorithm 1. In this algorithm, the new set P is initialized
as an empty set. There are basically two instances in which a
new region is added to the new set: 1) when O(mj , si) = 1,
which corresponds to missing regions fully contained in seg-
mentation regions, and 2) when 0 < O(mj , si) < 1, which
corresponds to missing regions that overlap with more than
one segmentation region. In this later case, the original miss-
ing region mj is split into two or more new regions in P that
are fully contained into one single region of the segmentation
set.

For illustration, Fig. 2a shows a simple example with ini-
tial sets S and M with two regions each. In this example, it is
clear that O(m2, s1) = 1. Therefore, m2 is fully contained
in s1 and gives origin to a unique new region in P, namely p3

(Fig. 2b). In contrast, 0 < O(m1, s1) < 1. As a result, after
applying 1 to Fig. 2a, m1 is split into p1 and p2.

1In the sequel, it is assumed that the depth map is warped into the RGB
camera frame

Algorithm 1 Generation of new set of missing regions

P← {∅}
for all mj ∈M do

for all si ∈ S do
if 0 < O(mj , si) ≤ 1 then
P← P ∪ (mj ∩ si)

end if
end for

end for
return P
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Fig. 2: Iterative depth recovery. (a) Original sets with seg-
mentation regions, S, and missing regions, M. (b) New re-
gion sets of missing regions P after the application of 1 to (a).
(b) The expanded segmentation region sδi .

The next step, after the generation of the new set P, is
the computation of missing depth values for each pk ∈ P.
The proposed method generates the recovered depth map D
by solving the depth recovery problem individually for each
region si ∈ S by means of the algorithm 2.

As illustrated in Fig. 2c, the function expand(si, δ) in al-
gorithm 2 takes a segmentation region si and expands it by
δ pixels beyond its boundaries using nearest neighbor inter-
polation. The aim of this operation is reducing the effect
of leakage in boundary regions due to the initialization of
the depth values in missing regions. In turn, the function
solve(pk, s

δ
i ) finds the depth values in missing regions by

means of an anisotropic diffusion framework as described in
next section.

Algorithm 2 Iterative depth recovery

D← S
for all si ∈ S do

sδi ← expand (si, δ)
for all pk ∈ P do

if O(pk, s
δ
i ) 6= 0 then

p̂k ← solve (pk, si)
D← D ∪ p̂k

end if
end for

end for
return D



2.2. Region-based estimation

Given a missing region pk corresponding to an expanded seg-
mentation region sδi , the recovered depth values p̂k can be es-
timated by finding the steady state solution to the diffusion
equation:

div(Ω(x)∇D(x)) = 0 s.t. D(x) = D0(x)∀x /∈ pk (2)

where x = [x, y]T are pixel coordinates, Ω(x) is a conduc-
tance term, D(x) is the sought solution and D0(x) the initial
depth map with missing values.

Following [19], we solve (2) by reformulating the diffu-
sion problem as a linear system of equations AD = D0,
where D0 is the vectorized initial depth map generated by
setting the missing values to 0, and A ∈ RN×N is a sparse
positive-definite matrix whose elements are given by:

Ai,j =

{
Ii,j if D0(i) 6= 0

Ii,j − γWi,j otherwize
(3)

with γ being a constant conductivity term, Ii,j are the ele-
ments of the identity matrix, N is the number of pixels in the
depth map, and Wi,j is an adjacency term that equals 1 when
the i-th and j-th pixels are 4-connected neighbors.

2.3. Parameter selection

The proposed algorithm depends on two parameters, namely
the region expansion δ (measured in pixels) and the conduc-
tivity term γ. The region expansion is aimed at reducing the
effect of leakage thus preserving edges in the recovered depth
map. The selection of this parameter is a trade-off between
accuracy and computational cost. For the results presented
in this paper, a value of δ = 25 has been used. As for the
conductivity term, this parameter defines the strength of the
influence of pixels with known depth values in the estimation
of depth for missing pixels. In the limit, when γ → 0, the
solution of the diffusion problem in (2) converges to D0(x).
A value of γ = 0.01 has been selected in this work.

3. EXPERIMENTS AND RESULTS

In order to validate the proposed approach, both quantitative
and qualitative experiments are performed. For this purpose,
a set of depth maps are acquired using a Camboard Picoflex
TOF sensor for 15 different scenes with distance ranges be-
tween 0.15 and 4 meters. Simultaneously, RGB images of
each scene are captured using a Lytro Illum camera. The in-
trinsic and extrinsic parameters of the TOF sensor and the
RGB camera are pre-calibrated using standard camera cali-
bration.

For quantitative experiments, the captured depth maps are
deteriorated at different sparsity levels by randomly removing

Table 1: Average RMSE (mm) of recovered depth maps at
different levels of sparsity

Depth map sparsity k (%)
Method 20 30 40 50 60
Proposed 1.38 2.08 2.93 4.03 5.24
AD [19] 1.62 2.49 3.56 4.95 6.69
BF [16] 18.3 18.5 18.5 18.6 18.7
k-MRF [21] 6.03 6.94 8.02 9.49 11.39
MRF [13] 11.0 12.1 13.4 15.1 17.3
SOS [22] 3.39 5.89 10.4 14.4 14.8

k% of pixels. Depth recovery methods are then used in order
to obtain depth values of missing pixels and the root-mean-
squared-error (RMSE) is computed using the orignal depth
map as ground truth. The proposed method is compared with
state-of-the-art approaches based on different principles, such
as the original anisotropic diffusion approach (AD) [19], bi-
lateral filtering [16], kernel-based MRF [21], MRF [13], and
second order smoothing (SOS) [22]. For all the experiments
and methods, the segmented image is used as guidance for
depth recovery. As shown in Table. 1, the proposed method
yields better performance in the test set for sparsity levels be-
tween 20% and 60%.

For qualitative evaluation, the original depth maps are
warped into the RGB camera frame2. Due to differences in
pose and resolution (RGB images are 434 × 625 and TOF
images are 171 × 224 pixels), the resulting depth maps are
highly sparse (see second row of Fig. 3). The studied depth
recovery algorithms are then used to estimate full depth maps
in camera frame. As illustrated in Fig. 3, the proposed algo-
rithm yields recovered depth maps with sharper edges. These
results support the claim that the proposed iterative depth re-
covery method reduces the effect of leakage in large missing
regions close to depth discontinuities.

4. CONCLUSIONS

This paper presents a method for depth recovery in highly
sparse depth maps. The proposed method solves the depth
recovery problem iteratively by applying an anisotropic dif-
fusion framework to each region of the segmented image.
Qualitative experiments show that the proposed approach out-
perform existing alternatives in depth maps with 20 − 60%
of missing data. In contrast to previous existing methods,
the proposed algorithm better takes advantage of the regions
found in the segmentation image in order to prevent over-
smoothing effects near image boundaries and depth disconti-
nuities. These results are experimentally validated using real
data for the registration of depth maps captured with TOF sen-
sor with color images captured using an RGB camera.

2Notice that, in this case, the ground truth is not available in the RGB
camera frame and, therefore, quantitative evaluation is not possible.



Fig. 3: Qualitative comparison. From top to bottom: RGB image, original depth map (after warping), recovered depth map
using proposed method, AD [19], Bilateral filter [16], k-MRF [21] and MRF [13]. The SOS method [22] was not included since
it failed to converge due to the high sparsity of the depth maps.
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