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ABSTRACT
In this paper, we present a multi-depth camera system for 3-D
video contents generation. We combine five video cameras and
three TOF depth cameras to capture a 3-D scene in real time. By
taking advantages of both active and passive sensor based depth
acquisition methods, we can obtain accurate multi-view depth
maps. After several preprocessing operations, each depth map is
warped to the video camera position and used as initial depth
values for refinement. To reduce mismatched depth values along
object boundaries, we separate the foreground and background
regions using moving objects detection and extract occlusion and
disocclusion areas with the initial depth information. By applying the stereo matching method, we can improve multi-view
depth maps. Intermediate view image sequences are then synthesized using both the multi-view color and depth information.
Index Terms — depth map generation, depth camera, depth
estimation, multi-view camera
1. INTRODUCTION
As the three-dimensional (3-D) video becomes attractive in
various 3-D multimedia applications, it is essential to obtain
multi-view video sequences with corresponding depth maps,
which are often called as multi-view video-plus-depth data [1].
In near future, consumers will be able to not only experience 3-D
depth impression, but also choose their own viewpoints in the
immersive 3-D visual scene created from the multi-view video.
Recently, ISO/IEC JTC1/SC29/WG11 Moving Picture Experts
Group (MPEG) has recognized the importance of the multi-view
video-plus-depth data for 3DTV, and has investigated the needs
for standardization of 3-D video coding [2].
In order to reproduce a 3-D scene at an arbitrary viewpoint
from the multi-view video sequences, we need to obtain accurate
depth information. There are several methods to obtain depth
information of the 3-D scene. Generally, they can be divided into
two major categories. One is based on passive methods and the
other is based on active methods. Among the passive methods,
stereo matching is the most popular one which is widely used.
Although it is widely used in the fields, some difficult problems,
such as occlusion, have been remained [3].
One of the most popular active methods is the time-of-flight
(TOF) range sensor to obtain the depth information of the scene
in real time. TOF depth acquisition is based on measuring the
arriving time of the emitted infrared signal from the sensor.
However, TOF has several problems to overcome such as low
spatial resolution and noisy acquisition depending on the capturing environment [4].
In recent years, fusion methods have been proposed to take
advantages of both passive and active methods by combining
multiple video cameras with a depth camera [5-7]. The TOF
depth camera produces an initial depth map by integrating a
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high-speed pulsed IR light source with a conventional broadcast
TV camera. The hybrid camera system can enhance the initial
depth map measured by the depth camera by applying a disparity
estimation method on color images captured by multiple cameras.
Zhu presented a calibration method to improve the depth quality
using a TOF depth sensor [5]. He used the probability distribution function of the depth information measured by the TOF
depth sensor and produced a more reliable depth map. However,
his method produced only low-resolution depth maps and focused on generating depth maps for static 3-D scenes.
To solve the low resolution problem, hybrid methods have
been proposed to obtain high-resolution and high-quality depth
maps [6-7]. They used the initial depth information to avoid the
mismatch problem. However, there exist mismatched regions
along object boundaries. To reduce mismatched depth value in
the boundary of moving objects, we propose foreground and
background separation and occlusion and disocclusion extraction.
Since future 3-D applications are expected to use highquality and high resolution 3-D videos, we need to create such
multi-view video-plus-depth data in high quality. In this paper,
we introduce a multi-depth camera system that has multiple video cameras and multiple depth cameras. They are arranged in
two rows with parallel type. The captured color and depth image
sequences with 30fps are preprocessed to increase the inter-view
correlation and the computational accuracy. The preprocessed
depth image sequences are then warped to the corresponding
video cameras and used as initial depth values for stereo matching. After depth estimation, we obtain the 3-D video that is composed of the multi-view color image sequences and the corresponding multi-view depth sequences.
2. HYBARID CAMERA SYSTEM
The proposed hybrid camera system is composed of one
depth camera and five high-definition (HD) video. Those multiple video cameras are arranged in a one-dimensional array to
construct a multi-view camera system. A clock generator sends
synchronization signals constantly to each camera and its corresponding personal computer equipped with a video capture board.
Figure 1 shows the proposed hybrid camera system and Table 1
is the specification of the hybrid camera system.

Figure 1. Hybrid camera system

Table 1. Specification of hybrid camera system

even if the hardware type and specification of the multiple cameras are the same.

Devices

Specifications

Details

Multi-view cameras
(pcA1900-32gc)

Output format

NTSC or PAL (16:9 ratio)

Pixel array size

HD (1920 (h) x 1080 (v))

Depth camera
(SR400)

Measured range

0.50m to 5.00m

Field of view

43.6° (h) x 34.6° (v)

Pixel array size

QCIF (176 (h) x 144 (v))

Sync. generator
(NI trigger box)

Output format

SD/HD video generation

3.2 Depth Calibration
Depth information captured by the depth camera is very sensitive to color and motion. Even though the distance from the
depth camera to the object is constant, depth information from
the depth camera is different depending on the environments.
Basically, the SR4000 depth camera has its own depth calibration tool. However, it is very poorly calibrated.

In order to capture multi-view video sequences simultaneously, we connect each video camera to a PC for storing
through a synchronizer CA-1000 by National Instrument. For
synchronized capturing of a depth map, we modify the software
development kit (SDK) provided by Swiss Ranger. However,
there is no instrument to synchronize two different types of cameras. Thus, video and depth capturing is controlled manually.

Multiview
camera

x
z

Depth camera

y

Figure 2. Depth calibration

3. PREPROCESSING FOR 3-D VIDEO GENERATION

Since the proposed hybrid camera system consists of two different types of cameras, a depth camera and multiple HD video
cameras, it is essential to find out relative camera information
through camera calibration. In our hybrid camera system, we
apply a camera calibration algorithm to each camera and obtain
projection matrices for the depth camera and each video camera
independently.

Pk = K k [ Rk | t k ]

where Pd is the projection matrix of the depth camera
represented by its intrinsic matrix Kd, rotation matrix Rd, and
translation vector td. Pk indicates the projection matrix of the kth
video camera which consisted of its intrinsic matrix Kk, rotation
matrices Rk, and translation vector tk.
We then apply a multi-view rectification operation. The multiple cameras have geometric errors because they are set manually. In order to minimize the geometric errors, we find the common baseline, and then apply the rectifying transformation to the
multi-view image. Consequently, the projection matrix of each
video camera is changed as

~
Pk = K k '[ Rk '| t k ]

(2)

where Kk′ and Rk′ are the modified camera intrinsic matrix and
rotation matrix of the kth video camera, respectively. Thereafter,
we convert the rotation matrix Rd of the depth camera into the
identity matrix I by multiplying the inverse rotation matrix Rd-1.
The translation vector td of the depth camera is also changed into
the zero matrix O by subtracting the translation vector td. Hence,
we can define new relative projection matrices for the multiview cameras on the basis of the depth camera as

Pd ' = K d [ I | O ]
~
−1
Pk ' = K k '[ Rk ' Rd | t k − t d ]

~

d k ( px , p y ) =

(1)

(3)

where Pd′ and Pk ' are final projection matrix of the depth camera and the kth video camera, respectively.
After relative camera calibration, we solve the color mismatch
problem of multi-view images using a color calibration method.
The color characteristics of captured images are usually inconsistent due to different camera properties and lighting conditions

K ⋅B
Dk ( p x , p y )

(4)

where K is the forcal length of the video camera, B is the baseline distance between neighboring two video cameras. dk(px, py)
is the real depth value corresponding to the meaured depth value
Dk(px, py) at pixel position (px, py) in the depth map of image
pattern.
Thereafter, we generate a mapping curve between real depths
and measured depths from the depth camera. In order to generate
the mapping curve, we find out the fitting curve using the cubic
equation as

y = a + bx + cx 2 + dx 3

(5)

The cross small rectangular points on the x-y plane in Fig. 3
are formed by the measured depths x and real depths y that minimizes the sum of squared distances to these points. Figure 3
shows calibrated depth values using the mapping curve.
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Pd = K d [ Rd | t d ]

To calibrate the measured depth value with its real depth, we
find a mapping curve to compensate the difference between
them. In this paper, we use the Zhu’s algorithm to analyze the
characteristics of the depth camera. When objects move in the
limited indoor environment, we check the depth of the planar
image pattern within the limited space by increasing the distance
from the image pattern to the depth camera as shown in Fig. 2.
Since we already know the camera parameters of each camera,
the real depth value is calculated by
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3.1 Relative Camera Calibration
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Figure 3. Mapping curve for depth calibration

3.3 Moving Object Separation
To estimate depth maps of multiple video cameras using the
warped depth, we segment the multi-view image by a mean-shift
color segmentation algorithm. However, we cannot control the
maximum segment size using the mean-shift algorithm. There is
no parameter to control the maximum segment size.

When we perform the segment-based stereo matching, one
segment has one depth value. If the size of segment is too large,
we cannot get a smooth depth map. The other way, if the size of
segment is too small, it is hard to overcome textureless problem
during the stereo matching. To solve this problem, we split one
image into 16×16 block segments, so that we can limit the maximum segment size.
Figure 9 shows the procedure of the segment merging. A
block is able to have two or more color segments. Before merging the segment, we split the segmented image into block-based
segment again. If each segment is smaller than half size of the
block, we merge it into one segment by searching adjoined
blocks to find the same indexed segment. If the size of the
merged block is larger than threshold, the merging procedure is
finished; otherwise we repeat the same process until merging
condition is satisfied.
The searching order of connected blocks is right, bottom, left,
and top including the diagonal directions because left and top
blocks are already merged block and right and bottom block will
be merged blocks. For example, Segment A is divided into many
block-based segments and Block (i, j) have two segments: Segment A_1 and Segment B_1. Since the size of Segment A_1 is
smaller than the predefined threshold value in Fig. 4, the same
indexed segment of Segment A_1 is the blocks in (i+1, j), (i,
j+1), and (i+1, j+1). We merge the current Segment A_1 and the
same indexed segment in (i+1, j).
BLOCK_SIZE = 16
16
count_pixels > Th
Segment B_1
Segment A
Segment A_1

if (count_pixels > Th)
color_index++
else if (count_pixels < Th)
seg_merging( );

count_pixels < Th

Figure 4. Block-based segment merging

Before we estimate depth maps, we separate foreground and
background regions using moving object detection and the generated depth map in the previous frame. To extract the moving
object in the current frame, we calculate color differences between the previous frame n-1 and the current frame n by using
the threshold which indicates the current position is foreground
or not. We cannot directly use the segment-based moving object
detection because shape of each segment can be varied in the
temporal domain as shown in Fig. 5.

Figure 5. Segmentation results in the temporal domain
Since color segmentation is performed frame by frame, it is
hard to find the same segment in the temporal domain. Therefore, we use the Euclidean distance between frames to extract the
moving objects as
E ( x, y) = ( Rn−1 ( x, y ) − Rn ( x, y )) 2 + (Gn −1 ( x, y ) − Gn ( x, y )) 2 + ( Bn−1 ( x, y ) − Bn ( x, y )) 2

(6)

where R, G, and B indicate the pixel values in RGB color domain. To find the moving object, we compute the E(x, y) at each
pixel location for all pixels. If we subtract the RGB value between frames, camera noises can be mixed up. To remove them,

we calculate the average RGB value for 3×3 block. If the average is larger than the threshold value, we set the center pixel of
each 3×3 block as the foreground pixel. From our experiments,
the threshold value of Euclidean distance, 10 is used. Figure 6
(a) and Figure 6 (b) present 78th frame and 79th frame images in
Camera 3 and Fig. 6(c) shows the result of moving objects.

(a) N-1 frame

(b) N frame

(c) Extracted moving objects

Figure 6. Moving object detection using color difference between frames

4. DEPTH VIDEO GENERATION
To increase the depth accuracy for stereo matching, we utilize
pairwise stereo matching method. When the current view is
Camera 1, there is no left image. Therefore, we use the input
images of Camera 2 and Camera 3 for current view. For input
image of Camera 3, we use the value of the initial depth multiply by 2.
When we perform the stereo matching operation twice with
the left and right images for one depth, we can find the occlusion
and disocclusion regions. If the some regions are not existed in
one view even though same regions are exist in the other view,
this region is occluded and disoccluded regions. By using this
theory, we can construct the reliable and unreliable regions. After getting corresponding value with the initial depth information
in small search range, we also judge the occlusion and disocclusion regions using the calculated depth value.
In practice, since the depth quality of the initial disparity map
generated by the depth estimation method is usually low, it is
hard to use it as the multi-view disparity map for the multi-view
image. In order to enhance the initial disparity map, we refine it
according to regions: moving region and static region. We already define the moving regions using color difference between
frames as shown in Fig. 6. If the there is no variance in the time
domain, that is the static objects. Therefore we can refer the
previous depth value. However there are some variances, we just
use the refined disparity value pixel-based refinement by
⎧ ws f s ( x, y , d s ( x, y ))
(7)
⎪
⎪+ w f ( x, y , d d ( x, y )) if obj _ mov( x, y ) = 1
E ( x, y , d ) = ⎨ d d
w f ( x, y , d s ( x, y )) + wd f d ( x, y , d d ( x, y ))
⎪ s s
⎪⎩ + wt f t ( x, y , d t ( x, y )) if obj _ mov ( x, y ) = 0

where ws, wd, wt are the weighting factors for depth refinement.
fs(x, y, ds(x,y) is the smooth term with gradient of the refined
depth value in this refinement step and fd(x, y, dd(x, y) means the
refined initial depth value in the segment-based stereo matching
step, and ft(x, y, dt(x,y) is the depth value of the previous frame
for the static objects. obj_mov(x,y) indicates the result of the
moving object detection. If obj_mov(x,y) is 0, this pixel is not
moved. Then, we can refer the depth value of the previous frame.
fd(x, y, dd(x, y) determines the minimum MAD with the refined initial depth value in the search range from InitDisparity-5
to InitDisparity+5. fs(x, y, ds(x,y) is the depth difference with
neighborhood depth in the same segment by
f s ( x, y , d s ( x, y ) = med ( d ( x − 1, y ), d ( x, y − 1), d ( x + 1, y − 1))

(8)

where d(x-1, y), d(x, y-1), d(x+1, y-1) are the refined depth value
in this step.

5. EXPERIMENTAL RESULTS AND ANALYSIS
In order to evaluate the performance of the proposed method, we
have constructed a hybrid camera system with five HD cameras
and three depth cameras. The measuring distance for depth information of the depth camera was from 0.5m to 5.0m. The baseline distances among multi-view HD cameras were 6.5cm.
Figure 7 shows the final multi-view depth maps for the 1st
frame of Cafe. As shown in Fig. 7, the depth quality of the yellow table was good, although the color of the table was monotonous. As a result, we could overcome the two main problems
of passive depth sensing, depth estimation on the occluded and
textureless regions, using the depth camera data as a supplement.

multi-view video-plus-depth, we employed the VERS software.
As shown in Fig. 9, we could generate intermediate views successfully and provide natural 3-D video service to potential consumers.
Table 2. PSNR comparison
VERS(dB)
Proposed method
Average PSNR

34.89

(a) View 2 using depth 1 and 3

35.18

(b) View 4 using depth 3 and depth 5

Figure 9. Synthesized images
6. CONCLUSIONS

(a)Multi-view
Multiview color
(a)
colorsequence
sequence

(b)Multi-view
Multiview depth
(b)
depthsequence
sequence

Figure 7. Generated multi-view depth maps
To compare the depth quality of the proposed method with
previous works, we have compared the disparity map generated
by the DERS software [8] with the 3rd view image of the 1st
frame in Cafe. The generated depth maps using DERS software
and the proposed method are shown in Fig. 8(a) and Fig. 8(b).
We could notice that some regions of the depth maps generated
by the previous methods had mismeasured depths. On the other
hand, the mismatched disparities were notably reduced by the
proposed method. As a result, the proposed method outperformed the previous methods.

(a) Depth map from DERS

(b) Depth map from the proposed system

Figure. 8 Results comparison with DERS software
In order to measure the performance of our scheme objectively, we generated the synthesized images using the depth maps
generated for Camera 2 and Camera 4. As shown in Table 2, we
compared the average peak signal-to-noise ratio (PSNR) of the
synthesized images generated by DERS software and proposed
method. The synthesized images produced by the proposed camera system were more accurate than the previous methods.
We have also generated intermediate views using the disparity
maps and images of the Camera 2 and Camera 4 of the 1st frame
in Cafe. In order to construct virtual views with the estimated

In this paper, we have presented a new approach to generate
multi-view HD depth maps corresponding to HD color videos
using a hybrid camera system. We have used the depth information acquired by a depth camera to generate the initial depth map
through the 3-D warping operation and generated the final depth
map using a segmentation-based stereo matching algorithm and
a cost function. Experimental results have shown that our
scheme produced more reliable depth maps compared to previous methods. With the proposed hybrid camera system, we
could solve the two main problems in the current passive depth
sensing and depth estimation in occluded and textureless regions.
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