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We describe a computational method for depth extraction of three-dimensional (3D) objects using
block matching for slice images in synthetic aperture integral imaging (SAII). SAII is capable of provid-
ing high-resolution 3D slice images for 3D objects because the picked-up elemental images are high-
resolution ones. In the proposed method, the high-resolution elemental images are recorded by moving
a camera; a computational reconstruction algorithm based on ray backprojection generates a set of 3D
slice images from the recorded elemental images. To extract depth information of the 3D objects, we
propose a new block-matching algorithm between a reference elemental image and a set of 3D slice
images. The property of the slices images is that the focused areas are the right location for an object,
whereas the blurred areas are considered to be empty space; thus, this can extract robust and accurate
depth information of the 3D objects. To demonstrate our method, we carry out the preliminary experi-
ments of 3D objects; the results indicate that our method is superior to a conventional method in terms of

depth-map quality. © 2011 Optical Society of America

OCIS codes:  100.6890, 110.6880, 110.4190.

1. Introduction

Recently, there has been great interest in three-
dimensional (3D) imaging and display systems [1-7].
Among them, integral imaging can be considered as a
promising solution to implement a next-generation
3D imaging and display system, because it provides
a simple system structure, color images, and full par-
allax [5—8]. To implement a 3D imaging and display,
integral imaging systems require different perspec-
tives from 3D objects. These recorded perspective
images are called elemental images, which is an im-
portant play in integral imaging.

Original integral imaging picks up perspective
views using a lenslet array and a single camera [6,7].
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This system has the advantages of a simple structure
and rapid recording of 3D objects, because the ele-
mental images are recorded through the lenslet
array at once. However, the recorded elemental
images can suffer from low-resolution quality in per-
spective images because a camera should cover the
whole lenslet array. Also, the small aperture of each
small lens in the lenslet array possibly has some dis-
tortions, such as aberrations. Thus, there are some
modified versions of integral imaging. One method
is using multiple elemental image set to improve
the image quality of the reconstructed image [9].
Another modified method is the synthetic aperture
integral imaging (SAII), where a camera is trans-
lated or a camera array is employed to obtain multi-
ple perspective images [9-11]. Although this method
needs a mechanical translation of a camera, high-
resolution elemental images are obtained during



the camera movement. This advantage enables the
method to be applied to various applications, such
as 3D object recognition [11,12].

Depth extraction of 3D objects is known to be one
of the important issues in the research fields of 3D
vision, object tracking, and video surveillance. Some
studies for integral-imaging-based depth extraction
methods have been proposed [13-18]. However, they
had used low-resolution elemental images recorded
from a lenslet array or a complicated algorithm in
order to extract a depth map for objects.

In this paper, we propose a new computational
method for depth extraction of 3D objects using SAII
techniques. We first record high-resolution elemen-
tal images by moving a camera. Then, the recorded
elemental images are used to generate a set of 3D
slice images using a fast computational reconstruc-
tion algorithm [19]. To extract the depth of the 3D
objects, we utilize a new block-matching algorithm
between a reference elemental image and a set of
3D slice images. Our method is based on the fact that
the focused areas in the slice images are the right
location for an object, whereas the blurred areas are
considered to be empty space; thus, this can extract
robust and accurate depth information of the 3D
objects. To demonstrate our method, we carry out
preliminary experiments of the 3D objects, and the
results are presented.

Section 2 gives a brief explanation for the concept
of SAII. Section 3 describes the proposed depth ex-
traction method. Section 4 presents experimental
results on real 3D objects. Finally, Section 5 provides
the discussion and conclusion.

2. Synthetic Aperture Integral Imaging

Figure 1 shows the principle of SAII. Basically,
the SAII system consists of two parts: pickup and di-
gital reconstruction. In the pickup part, as shown in
Fig. 1(a), the intensity and direction of the rays com-
ing from 3D objects are recorded in a certain fixed
position of the camera. The recorded image is called
the elemental image of SAIL. By moving the camera
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with a two-dimensional grid structure, we can re-
cord different perspectives (elemental images) of the
3D object according to the location of the camera.
In the digital reconstruction of SAII, as shown in
Fig. 1(b), each elemental image is first projected in-
versely through the corresponding pinhole modeled
from the original position of the pickup camera. Next,
when an image is reconstructed on the output plane
of z from the pinhole, the projected elemental image
is magnified by a factor of z /g, where z is the distance
between the virtual pinhole and the output plane
and g is the distance between the pinhole and the
elemental images, which is normally considered as
the focal length f of a moving camera. Finally, the
magnified elemental images are overlapped and ac-
cumulated at the corresponding pixels of the output
plane. In addition, the iterative process mentioned
above gives us a set of slice images for 3D objects.

3. Proposed Method

The proposed depth extraction method is shown in
Fig. 2. It is divided into three subparts: SAII pickup,
digital reconstruction, and depth extraction. In the
SAII pickup part, 3D objects are recorded as ele-
mental images by moving a camera in the x and y
directions with a uniform moving distance (p). The
recorded elemental images contain intensity and
directional information of the 3D objects so that they
have different perspectives according to the location
of a group of image sensors for an elemental image.
SAII can provide the elemental images with a large
number of pixels. That is, because SAII captures each
elemental image by moving the image sensor with
N, x N, pixels at corresponding positions, the resolu-
tion of each elemental image is equal to that of the
Sensor.

Next, a computational reconstruction algorithm
for digital reconstruction converts the recorded
elemental images into a series of 3D slice images
by adjusting the z value. In this paper, we use a
fast reconstruction algorithm to efficiently recon-
struct the 3D slice images [19]. The size of the

A set of slice images

(Color online) Principle of SAII.
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reconstructed slice images can be the same as that of
elemental images. The principle of digital recon-
struction is shown in Fig. 3. Hereafter, we assume
that the number of pixels for projected elemental
images is the same as the number of pixels for each
elemental image. To have 3D slice images, the com-
putational reconstruction algorithm generates a slice
image independently by superimposing the pixels
from all elemental image, as shown in Fig. 3(b).
Let the total number of elemental images be K x L.
A slice image I(x,y,2) located at distance z, is eval-
uated by the summation of I;, which is the intensity
of the kth column and the /th row elemental image.
This yields

I(x7y720)20 Ikl(x_ks7y_ls)a (1>

where x and y denote the index of pixels in the x and y
directions and O(x,y) is the counted number of over-
lapped pixels at (x,y). The shifting parameter S is
the number of shifted pixels in overlapping elemen-
tal images. This is given by
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(Color online) Proposed depth extraction method using slice images.

where § is the size of each image sensor for a pixel
and p is the distance between pickup locations in a
moving camera. The parameter S can be adjusted
by varying the magnification factor M = z/g. Using
Eqgs. (1) and (2), the reconstructed slice image can
be obtained at distance z,. To obtain a set of slice
images, the reconstructed process can be repeated
for different z values. Also, the parameters S, and
S, mean S in the x axis and in the y axis, respectively.
Putting S =8, =S, is likely to be used in our
method.

The accuracy of the extracted depth information
is dependent on the step size of the z value. We can
calculate the minimum step size in the z axis using
the shifting parameter S of Eq. (2). In other words,
because the shifting parameter should be an integer
number for superimposing elemental images pixel by
pixel, the minimum step between shifting distances
becomes one pixel. Thus, the minimum step size Az
is obtained from two adjacent shifting parameters
(S and S+ 1), and it becomes Az = pf/5S(S + 1),
where f is the focal length of the moving camera.
Depth extraction in our method can be effective in
case of using more than the minimum step size of
the z value.

In the depth extraction part, depth information is
determined by block matching between a reference
elemental image and the reconstructed 3D slice
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(Color online) (a) Elemental images (b) principle of computational reconstruction.



images according to various distances. In fact, the re-
constructed slice images consist of different content
images with a focused or blurred area, which is de-
pendent on the reconstruction distances. The focused
images of a 3D object are reconstructed only at the
original position of the 3D object. On the other hand,
blurred images are shown out of the original position.
Our depth extraction is based on the fact that the
focused area in the reconstructed slice images can
be detected by a block-matching algorithm using a
reference image. To do so, we select one elemental
image among the recorded elemental images as a re-
ference image for the matching process. Any refer-
ence image chosen from elemental images can be
used for matching the slice images, as shown in Fig. 4,
because the pixel size of a reference elemental image
is identical with that of each slice image.

Once slice images are generated by superimposing
all recorded elemental images, most elemental
images except the reference elemental image we use
in the matching process for the depth extraction are
discarded. In addition, the center elemental image is
a good candidate for the reference elemental image,
although another elemental image possibly works as
the reference elemental image. This is demonstrated
in Figs. 7(b) and 7(c) Here, the field of view of the re-
ference elemental image is very important to extract
the entire surface of the 3D scene. Thus, in this
paper, we assume that the field of view of each ele-
mental image that can be the reference image is wide
enough to include the whole 3D scene of interest.

Our new block-matching algorithm is shown in
Fig. 4. First, we select (k,,k,) block images in both
the reference elemental image and the slice images.
The block images have the same position, as shown
in Fig. 4. The block-matching algorithm is then
applied with two selected block images. Here, block
matching minimizes a measure of matching error
between the block image of the reference elemental
image (B,.r) and a set of block images of slice images
(B,). As a metric for block matching, our method
employs the sum of absolute differences (SAD):
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Fig. 4. (Color online) Block-matching algorithm between refer-
ence elemental image and slice images.
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where the block size is b x b.

The depth for each point (x,y) can be extracted by
selecting the z value from the argument of minimum
among the SAD(x,y, z) results. This can be mathema-
tically formulated as

2(x,y) = argminSAD(x, y,z). (4)

Finally, a depth map can be obtained by calculat-
ing the depth for all points in the reference image.

4. Experiments and Results

To demonstrate our proposed method, we performed
preliminary experiments for a cubic object shown in
Fig. 5 and character objects shown in Fig. 8(a). For
the cubic object, the nearest part of the object from
the camera was located at approximately 1000 mm.
For SAII pickup, a camera with 2184 x 1456 pixels,
an 8.2um pitch, and a lens with a focal length of
50mm was used. The camera was moved in 10 mm
increments vertically and horizontally. We recorded
35 (7x5) elemental images. Among them, some
examples are shown in Fig. 5. In our method, all ele-
mental images should be clearly recorded to extract
the exact depth information. Thus, we minimized the
aperture of the imaging lens in our experiment to
maximize the depth of focus. We set the minimum
F number (F# = 32) in the imaging lens, and this
allows a depth of focus of 0.84 mm when the object
is located at 1 m away from the pickup camera [20].
This means we can record many objects within a
large depth of focus without a blurring effect.

After elemental images are prepared, we recon-
structed a series of 3D slice images from 35 elemen-
tal images using the computational reconstruction
algorithm of Eq. (1). The reconstruction process we
used generates 31 slice images from the elemental

Fig. 5. (Color online) Four examples of recorded elemental
images: (a) (1, 1)th elemental image, (b) (7, 1)th elemental image,
(c) (4, 3)th elemental image, and (d) (1, 5)th elemental image.
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Fig. 6. (Color online) Reconstructed slice images at (a) 980,
(b) 1050, (¢) 1110, and (d) 1190 mm.

images in the range from 900 to 1200 mm. For exam-
ples, 4 slice images reconstructed at different
distances z =980, 1060, 1110, and 1190 mm are
shown in Fig. 6. It can be seen that each elemental
image shows both the focused areas and blurred
areas. Note that the focused areas represent the
right positions of the object parts.

Next, we estimated the depth of the object parts
using block matching between the reference elemen-
tal image and a set of slice images. Among 35 elemen-
tal images, one elemental image was used as the
reference elemental image for block matching. Also,
another elemental image was selected as the refer-
ence image. For each case, the block-matching algo-
rithm with the SAD metric was applied, as described
in Egs. (3) and (4). The block size is set to be 5 x5
pixels. For comparison, a conventional method [21]
is conducted. The estimated depth maps are shown
in Fig. 7. It is seen that the proposed method pro-
vides a clearer depth map and more accurate depth
information than the conventional method. Espe-
cially, the conventional method is very poor at the
background region whose characteristic is a lack of
information to detect depth. Note that the conven-
tional stereo matching algorithm for two clear
images among many perspective images largely
depends on image characteristics. The depth-map
image from our method agrees with the cubic struc-
tured object well. This result reveals that the pro-
posed method can extract the 3D information of
object effectively. Figures 7(b) and 7(c) indicate that
choosing a reference elemental image among elemen-
tal images is not a serious problem, but the center

(@) )

Fig. 8.
images at (b) 970 (¢) 1070, and (d) 1200 mm.

(Color online) (a) Character objects and reconstructed slice

(b)

Fig. 9. Visual comparison for extracted depth maps of character
objects extracted by the (a) conventional method and (b) proposed
method.

elemental image shows slightly better performance
in depth extraction than another elemental image.
In addition, we performed another experiment for
multiple object case. For the experimental structure,
three character objects, as shown in Fig. 8(a), are lo-
cated at 970, 1070, and 1200 mm from the camera,
respectively. The experimental parameters are the
same as those of the above experiment with the cubic
object. Some reconstructed slice images for each
character object are shown in Figs. 8(b)-8(d). Each
slice image includes a clear area of the corresponding
object at the original distance. Also, Fig. 9 indicates
that the extracted depth map from our method is
superior to that from the conventional method.

5. Discussion and Conclusion

In the conventional depth extraction methods using
multiple cameras, there have been some studies on
cost functions for depth extraction [22]. Some cost
functions, such as SAD, sum of SAD (SSAD), sum

(©)

Fig. 7. Visual comparison for extracted depth maps of a cubic object extracted by the (a) conventional method, (b) proposed method with
the center elemental image, and (¢) another elemental image as the reference image.
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of squared differences (SSD), and correlations, are
well known in the literature [22]. SAD is commonly
used in depth extraction from two perspective
images, whereas SSAD is possibly used in depth ex-
traction from more than two perspective images.
Also, SSD and correlations can be applied to the sys-
tems using two or more images. We tried the known
block-matching metrics in our method; we knew that
the performances of depth extraction are almost the
same in our method. Thus, we chose SAD as a cost
function to determine the depth for its simplicity.

Note that our method superimposes all perspective
images, resulting in depth slices. The matching pro-
cess using SAD between a reference image and depth
slices can be considered as a matching process using
SSAD among perspective images due to the linearity
property. However, if some complicated methods pro-
viding depth slices [23,24] are applied to our method,
the SAD metric is not the same with the SSAD metric
anymore. In addition, our method is more accurate
and efficient to search the correspondence. This is
because superimposing perspective images cancels
some background noises and very high frequency
terms, which possibly introduces a problem in detect-
ing depth information. Thus, if we want to search cor-
respondence between two images, our depth slices
provides better matching results because of using
only focused image areas.

In conclusion, we have presented a depth extrac-
tion method using new block matching for slice
images in SAII. Because SAII provides high-
resolution elemental images, high-resolution 3D
slice images for objects are generated. To extract the
depth of the 3D objects, we have proposed a new
block-matching algorithm between a reference ele-
mental image and a set of the 3D slice images.
The property of the reconstructed slices images that
have blurred areas and focused areas enables us to
extract robust and accurate depth information of
3D objects. To demonstrate our method, we carried
out the preliminary experiments of the 3D objects,
and the results indicate that our method is superior
to the conventional method in terms of depth-map
quality, and it shows the usefulness of the proposed
method.
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