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Abstract: We proposed a reconstruction method for the occluded region of 
three-dimensional (3D) object using the depth extraction based on the 
optical flow and triangular mesh reconstruction in integral imaging. The 
depth information of sub-images from the acquired elemental image set is 
extracted using the optical flow with sub-pixel accuracy, which alleviates 
the depth quantization problem. The extracted depth maps of sub-image 
array are segmented by the depth threshold from the histogram based 
segmentation, which is represented as the point clouds. The point clouds are 
projected to the viewpoint of center sub-image and reconstructed by the 
triangular mesh reconstruction. The experimental results support the validity 
of the proposed method with high accuracy of peak signal-to-noise ratio and 
normalized cross-correlation in 3D image recognition. 
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OCIS codes: (110.2990) Image formation theory; (100.6890) Three-dimensional image 
processing. 
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1. Introduction 

Three-dimensional (3D) optical information acquisition and processing technology has 
emerged recently as an important issue with the rapid growth of 3D display market and 3D 
broadcasting [1,2]. Various methods for 3D image acquisition, analysis and reconstruction are 
proposed for more effective and realistic 3D display and broadcasting system. 3D optical 
information acquisition has shown much advance in technology, from the stereo camera based 
method with horizontal parallax to the two-dimensional (2D) lens array based method with 
full parallax [3,4]. Integral imaging (InIm) is one of the advanced 3D display and acquisition 
techniques, which was first invented by Lippmann in 1908 [5]. InIm is composed of a 2D lens 
array and pickup device such as photographic plate or charge-coupled device (CCD) in pickup 
phase, and uses another 2D lens array and display device for an elemental image set in display 
phase. It has the advantages of full parallax, quasi-continuous viewpoints, and expressing 
color image. Many kinds of 3D optical information processing using InIm were proposed such 
as depth extraction, 3D object recognition, and 3D image synthesis by many research groups 
[6–20]. 

Among them, 3D object reconstruction and recognition of an occluded object is one of 
crucial issues in 3D optical information processing based on InIm because these applications 
need a practical use of whole 3D optical information in elemental image set. Many papers 
about reconstruction of occluded object in InIm have been published, which are based on 
various image processing algorithms such as the computational integral imaging 
reconstruction (CIIR), blur metric of target depth plane, and light field rendering [12–18]. 
However, the previous methods for reconstruction of occluded region have some limitations. 
The pickup process in the previous methods has no consideration for the gap between lens 
array and pickup device, which leads to the fixation of central depth plane (CDP) and the 
limitation of the depth of focus. Moreover, the previous methods used the disparity based 
depth extraction method with pixel-unit accuracy and blur metric of target depth plane, which 
are only possible to extract discontinuous depth planes and cannot compute an accurate depth 
map of 3D volume. This problem is called the depth quantization problem and causes an 
imprecise reconstruction of the occluded object [7]. 

To improve the previous methods, we propose the precise depth extraction method using 
optical flow with sub-pixel accuracy and reconstruction method for the occluded object using 
point cloud representation and triangular mesh reconstruction with resolution enhancement. 
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Figure 1 shows the concept of the proposed method. First, we get the 3D optical information 
using the focal mode of InIm as elemental image set without forming CDP. After the pickup 
process, the elemental image set is converted to sub-image set which is appropriate for 
grasping total shape of 3D object and is suitable to compute the optical flow. For disparity 
estimation, we use the optical flow between sub-images to improve the conventional method 
which is based on the sum of square difference (SSD) or sum of SSD (SSSD) [7–17]. Optical 
flow is the motion vector estimation algorithm between neighbor frames in motion pictures 
[21–24]. In the proposed method, we assume a sub-image frame sequence and calculate the 
motion vector with sub-pixel accuracy using optical flow. The disparity map is extracted from 
the optical flows in sub-images, which can be transformed to continuous depth map with high 
precision. 

 

Fig. 1. Concept of the proposed method. 

After extraction of depth map with sub-pixel accuracy, 3D information is clustered and 
segmented to obstacle and target object by the depth threshold using histogram. The 
segmented sub-images are remapped and projected to the coordinate of center sub-image by 
using the extracted depth map with sub-pixel accuracy. Each sub-image has different texture 
and depth information about occluded region of target object, which are represented as point 
clouds at the viewpoint of center sub-image. The projected point clouds may not only 
reconstruct the occluded region of target object, but also enhance the resolution of target 
object using triangular mesh reconstruction. In this paper, we explain the process of the 
proposed method and the analysis of the range of reconstruction of the occluded object. In 
experimental results, we present the reconstructed target object without occlusion in arbitrary 
view point and the result of 3D object recognition using the proposed method with peak 
signal-to-noise ratio (PSNR) and normalized cross-correlation (NCC). 

2. Depth extraction using optical flow with sub-pixel accuracy 

2.1. Pickup process based on focal mode in integral imaging and conversion between 
elemental image and sub-image 

For the reconstruction of occluded 3D object, the pickup process without prior depth 
information has to take precedence in order for a practical depth extraction. The pickup 
process of InIm is categorized according to the gap between the lens array and digital pickup 
device as real mode, virtual mode, and focal mode. The gap is set to larger or smaller than the 
focal length of the lens array in the pickup scheme of real mode or virtual mode, whereas the 
gap in focal mode is set to the same as the focal length of lens array [4,19]. 

Figure 2(a) shows the pickup process in real mode, where the gap g is larger than focal 
length of lens array f. Each ray from 3D object is spatially modulated by the lens array with 
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lens equation and integrated on the CCD plane as an elemental image set. In this situation, f 
and g form the focused plane which is called by CDP. The depth of CDP is given by 

 .CDP

fg
D

g f



  (1) 

The optical information of 3D object on DCDP is recorded to the elemental image in focus. 
However, the rays from the 3D object on the other depth planes are captured as blurred image, 
which is hard to reconstruct and manipulate for depth extraction. In addition, the pickup 
scheme in real or virtual mode gives prior information for depth extraction of plane object 
because the range of real or virtual pickup is limited around CDP which is obviously 
calculated from f and g without optical information processing. 

 

Fig. 2. Two types of pickup process in integral imaging: (a) real mode pickup process with 
central depth plane and the other depth plane, (b) focal mode pickup process. 

As shown in Fig. 2(a), the captured image of the depth plane farther from CDP is more 
blurred than the depth plane closer to CDP. In pickup process of general cases, the 3D object 
is relatively located far from the focal plane because f of the lens array is short for the wide-
viewing angle [4]. CDP should be formed at far from the focal plane, and g will be close to f. 
Hence, we use the pickup process in focal mode to focus the 3D object which is located far 
from the focal plane and to extract the practical depth map without prior information as shown 
in Fig. 2(b). The captured elemental image is rectified to extract the depth map without 
distortion using the rectification method based on extraction of lens lattice because the 
elemental image was tilted or rotated by the misalignment of pickup process [20]. 

After the pickup process, the rectified elemental image set is converted to sub-image array 
for the depth extraction using optical flow. The sub-image is a collection of pixels at the same 
position in all of the elemental image set, or equivalently at the same relative position with 
respect to the optic axis of the corresponding elemental lens. Previous optical information 
processing in InIm uses the elemental image to sub-image conversion frequently for 
orthographic geometry transformation [7,11,14]. To illustrate the difference of elemental 
image and sub-image, we generate the elemental image set from the pickup scheme in Fig. 1 
using computer generated integral photography (CGIP) based on the OpenGL, which is 
converted to sub-image as shown in Fig. 3. The sub-image is more advantageous to 
comprehend whole shape of 3D objects than the elemental image since the sub-image has 
larger field of view in most pickup condition. The orthographic views have the advantage to 
find an accurate corresponding point in two different images because each sub-image has no 
distortion from perspective geometry. Moreover, the amount of computation in sub-image 
based method is smaller than elemental image based method in block searching algorithm for 
disparity extraction [7,14]. In the proposed method for depth extraction, each sub-image in 
different viewpoints is assumed as frame images of motion picture, and the motion vectors 
from the sub-image sequence using optical flow are set to the disparities. In this situation, the 
above-mentioned advantages of sub-image lead to the precise depth map. 
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Fig. 3. An example of elemental image to sub-image conversion: (a) computer generated 
elemental image set and the center elemental image (56 × 55 lens array, 19 × 19 pixels/lens,  
f = 3.3), (b) sub-image array and the center sub-image (19 × 19 sub-image array,  
56 × 55 pixels/sub-image). 

2.2. Depth extraction with sub-pixel accuracy using optical flow 

The detection of corresponding points on InIm is an essential process in depth extraction 
method. In previous researches, block searching and minimum difference function, such as the 
sum of absolute difference (SAD), SSD, and SSSD, are used for finding corresponding points 
between the reference and neighbor elemental image or sub-image [7–17]. However, the 
previous depth extraction methods have a fundamental problem which is the depth 
quantization problem [7]. In pickup and depth extraction process, the 3D optical information 
is handled with pixel unit of CCD which has finite size and causes the quantization error. 
Figure 4 shows the depth quantization problem in depth extraction based on the elemental 
image and sub-image in detail. The extracted depth plane is derived from the disparity of 
corresponding pixels between reference and neighbor images as follows: 

 , ,
l p

l l

d d

P p

fd p
D

d p
   (2) 

where dl is lens disparity in sub-image, dp is pixel disparity, pl is lens pitch, and pp is pixel 
pitch. The depth quantization problem occurs from discontinuous pixel disparity in elemental 
image based depth extraction where the lens disparity is fixed in one lens pitch as shown in 
Fig. 4(a). If the lenses involved in depth extraction increases from the adjacent lenses to all 
lenses, the depth quantization problem will be reduced. However, it is not a fundamental 
solution of the depth quantization problem. If the target depth plane is located between the 
depth plane of D1,2 and D1,1, it is not possible to extract the precise depth from disparity with 
pixel unit. 

Likewise, the lens disparity with pixel accuracy brings the depth quantization problem in 
depth extraction based on the sub-image as shown in Fig. 4(b). The sub-image is the 
collection of same pixel disparity dp, and its disparity is represented by the lens disparity dl. 
Therefore, the target depth plane which is located between D2,4 and D3,4 cannot be extracted 
exactly because of the discontinuous lens disparity with pixel accuracy. Consequently, the 
disparity extraction method with sub-pixel accuracy is essentially needed to extract the 
accurate depth map in InIm. We adopt the optical flow to estimate the disparity with sub-pixel 
accuracy in the proposed method. 
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Fig. 4. Principles of depth extraction and depth quantization problem in (a) elemental image 
based method, (b) sub-image based method. 

Optical flow is the distribution of apparent velocities of movement of brightness patterns 
in a visual scene caused by the relative motion between a camera and the scene [21]. Image 
sequence of motion picture facilitates the estimation of optical flow as either instantaneous 
image velocities or disparities. Let the image brightness at the point (x, y) at time t be denoted 
by I(x, y, t). If the brightness of a particular point in the pattern is constant, the partial 
derivatives with respect to the spatial and temporal coordinates are derived by 

 0.
dI I dx I dy I

dt x dt y dt t

  
   
  

  (3) 

The horizontal and vertical component of optical flow u, v are given by 

 , .
dx dy

u v
dt dt

    (4) 

Equation (3) is an equation in two components of optical flow and cannot be solved without 
additional constraints. Various optical flow algorithms propose the additional conditions and 
constraints to solve Eq. (3) for estimating the actual flow [21–24]. The majority of recent 
methods strongly resemble the original formulation of Horn and Schunck [21]. We use the 
optical flow algorithm by Sun et al., which is a modified method of the formulation of Horn 
and Schunck and can estimate the optical flow with high accuracy using weights according to 
the spatial distance, brightness, occlusion state, and median filtering [23]. This algorithm is 
ranked second in both angular and end-point errors in Middlebury evaluation which is well-
known benchmarking method for stereo matching and optical flow [24]. 
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Fig. 5. The process of depth extraction using optical flows between center sub-image and  
x-directional sub-image sequence. 

For the depth extraction in sub-image array, we set the center sub-image as the reference 
image and assume the x-directional sub-images or y-directional sub-images as the target sub-
image sequence for the optical flow calculation. Figure 5 shows the process of depth 
extraction using optical flows between center sub-image and x-directional sub-image 
sequence at the same y-position from the elemental image set in Fig. 3. The disparity map 
from the optical flow between center sub-image and target image sequence is partially 
different in each sub-image because of different viewpoint. For the extraction of accurate 
depth map, we gather and average the depth information from optical flows of different 
viewpoint instead of disparity because the result of optical flow is represented by the unit of 
lens disparity dl in Eq. (2). After extraction of depth map of center sub-image from  
x-directional sub-images, the depth map of center sub-image from y-directional sub-images is 
calculated in the same manner, and we define the depth map of center sub-image using the 
average of depth maps from x- and y-directional sub-images. The extracted depth of pixel  
(x, y) in center sub-image using optical flow is given by 

 

   

           

,

, , , , , ,

1 1

,

, ,1 1
,

2 1 1

c c

yx

c c c c c c

OF p q

nn
p q p q p q p ql
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D x y

u x y v x yfp

p n p p n q q 

 
  

     
 

  (5) 

where      
1 1 2 2, , ,

,
p q p q

u x y  and      
1 1 2 2, , ,

,
p q p q

v x y denote the horizontal and vertical components 

of optical flow between (p1, q1)th and (p2, q2)th sub-images at pixel (x, y), and (pc, qc)th sub-
image is the center sub-image in nx by ny sub-image array. 

Figure 6 shows the extracted depth map with background mask in conventional and 
proposed method. As shown in Fig. 6(a), the conventional method based on SSSD extracts 
only the quantized depth planes and shows the discontinuous and inaccurate depth map 
because of disparities with pixel accuracy. On the contrary, the proposed method gives more 
continuous and accurate depth map without depth quantization problem because it is 
calculated from the lens disparity dl with sub-pixel accuracy using optical flow as shown in 
Fig. 6(b). Figure 6(c) illustrates the comparison of the ground truth and extracted depths using 
different methods in y-z plane, and the depths in ball and right edge of box show the 
improvement of the proposed method remarkably. Therefore, the depth map with high 
precision from the proposed method can facilitate the reconstruction of occluded object. 
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Fig. 6. Comparison of the depth map of center sub-image using SSSD and optical flow: (a) the 
extracted depth map using SSSD, (b) extracted depth map using optical flow, (c) comparison of 
the ground truth and extracted depth maps obtained by different methods in y-z plane (x = 22). 

3. Occlusion reconstruction based on the depth map extraction with sub-pixel accuracy 
using optical flow 

3.1. Depth segmentation using histogram of extracted depth map 

For the reconstruction of occluded object, we find the occluded region and remove the 
obstacle using the extracted depth map. Generally, the obstacle is located in front of target 
object and has lower depth values than target object. If the extracted depth map has reliably 
high precision, we can segment the obstacle and target object using the number of pixels in 
same depth value. To simplify and reduce the computation, we use the histogram based depth 
segmentation method in various segmentation algorithms. Figure 7 shows the histogram of the 
number of pixels of depth map in Fig. 6(b). In this situation, the objects are segmented to 
three clusters which are background, obstacle, and target object using the inflection points of 
histogram. The pixels of obstacle or target object are gathered around the maximum values in 
inflection points of histogram of depths, while the background pixels have zero depth. 
Accordingly, the depth threshold for segmentation of the obstacle and target object is defined 
by the middle of depths in two inflection points as shown in Fig. 7. 

Figure 8 illustrates the point cloud representation of the center sub-image which can 
express the depth information and texture information to the voxels of 3D space. The point 
clouds are identical to the vertices of the triangular mesh reconstruction. The texture 
information of obstacle in center sub-image is removed and filled with black pixels using the 
depth threshold from histogram while the depth information is remained. 

 

Fig. 7. Histogram of the number of pixels in depth map of center sub-image and depth 
threshold between the inflection points. 
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Fig. 8. Point cloud representation and depth segmentation of center sub-image using depth 
threshold. 

3.2. Reconstruction of occluded region using triangular mesh reconstruction of point clouds 

The last process of reconstruction of the occluded region in center sub-image is filling of 
occluded region using the optical information of sub-images in different views which are the 
end of right side, left side, upper side, and lower side from the center sub-image. The sub-
images of side positions in every direction from the center sub-image have the most different 
optical information about the occluded region. Therefore, we calculate and represent the point 
clouds of the sub-images at side positions using optical flow as shown in Fig. 9(a). 

After the depth extraction of sub-images at side positions, we segment and remove the 
obstacle using the depth threshold of center sub-image as shown in Fig. 9(a). In this process, 
the optical information of obstacle is removed, while the different information of occluded 
region in target object is remained at the different viewpoints. The red points in Fig. 9(a) are 
the occluded points at the viewpoint of center sub-image. On the other hand, they are the 
visible points in the sub-images of side positions. For reconstruction of occluded region, we 
represent and project the point clouds without obstacle at the side viewpoints to the viewpoint 
of center sub-image as shown in Fig. 9(b). The position of projected point clouds in center 
sub-image (x’, y’) is defined as 

 
       , ,

( , ) , ,
p c OF p c OF

l l

p p p D x y p q q D x y
x y x y

fp fp

  
      

 
  (6) 

where the position of point clouds in side sub-image (p, q) is (x, y), and its depth from optical 
flow is DOF(x, y). 

However, the resolution of point cloud representation of center sub-image is limited by the 
number of lenses in the array, and the projected point clouds have the position information 
with sub-pixel accuracy. Therefore, we use the triangular mesh reconstruction for enhancing 
the resolution of center sub-image and reconstructing occluded region. As shown in Fig. 9(b), 
the red points in Fig. 9(a) are projected to the viewpoint of center sub-image from Eq. (6), 
which are located between the blue point clouds in occluded region of center sub-image. To 
apply the information of projected red points, we enhance the resolution of center sub-image 
with the scale factor S. The triangular mesh reconstruction can interpolate the blue points, 
which had information of the obstacle in the previous process, from the projected point clouds 
of target object such as the red points. The occluded region of center sub-image can be 
reconstructed and enhanced with the projected point clouds using triangular mesh 
reconstruction. 
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Fig. 9. Reconstruction process of occluded object in point cloud representation: (a) depth 
extraction and segmentation of side sub-images, (b) reconstruction of center sub-image with 
resolution enhancement using triangular mesh reconstruction. 

 

Fig. 10. Triangular mesh reconstruction of center sub-image: (a) reconstruction of the vertex of 
occluded region in center sub-image (blue point) using neighbor projected points (red points) in 
the refinement window (S = 4), (b) the refining of all other vertices using the scanning of the 
window and triangular mesh reconstruction. 

Figure 10 shows more detailed process of triangular mesh reconstruction. The triangular 
mesh reconstruction is composed of vertex and facet [9,25]. In the proposed method, the 
vertex is the point cloud which has both depth and texture information, and the facet is the 
texture from the interpolation of three vertices. The point clouds of center sub-image are 
represented to the black-filled vertices with scale factor S as shown in Fig. 10(a). The red 
points are the projected points from the sub-images at the side position with sub-pixel 
accuracy, and the blue point is the removed point in center sub-image because it had the 
information of obstacle. To reconstruct the vertex of occluded region in center sub-image, we 
average the neighbor projected points which are included in the vertex refinement window. 
The size of vertex refinement window is the same as the factor of scale S. After the refinement 
of all vertices in the center sub-image, each vertex with resolution enhancement is filled with 
the average of red points and black-filled points in its refinement window, and linked with 

#136507 - $15.00 USD Received 12 Oct 2010; revised 24 Nov 2010; accepted 27 Nov 2010; published 1 Dec 2010
(C) 2010 OSA 6 December 2010 / Vol. 18,  No. 25 / OPTICS EXPRESS  26382



neighboring three vertices for triangulation as shown in Fig. 10(b). Consequently, the 
scanning and refining of the vertex refinement window on the scaled center sub-image 
reconstruct the occluded region and enhance the resolution of center sub-image. 

 

Fig. 11. Triangular mesh reconstruction of occluded region in center sub-image: (a) triangular 
mesh representation of occluded center sub-image, (b) triangular mesh reconstruction of 
occluded region in center sub-image with resolution enhancement (S = 10). 

 

Fig. 12. Comparison of occluded sub-image array and reconstructed sub-image array in 
arbitrary viewpoints: (a) movie of occluded sub-image array (Media 1), (b) movie of 
reconstructed sub-image array with resolution enhancement (S = 10) (Media 2). 

Figure 11(a) shows the triangular mesh representation of center sub-image without depth 
segmentation and reconstruction of occluded region. As the enlarged figure, the resolution of 
point cloud of center sub-image without the proposed method is the same as the number of 
lens array. By contrast, the segmented center sub-image is filled with the sub-images of side 
positions, and the resolution is also enhanced using triangular mesh reconstruction as shown 
in Fig. 11(b). In the same manner, we can reconstruct all sub-images in arbitrary viewpoints 
using proposed method with different viewpoints of center sub-image (pc, qc) in Eq. (6). 
Figure 12 shows the movie of original sub-images and the reconstructed sub-images with the 
scale factor S = 10. 

4. Analysis of the range of the reconstruction of occluded region using proposed method 

In this paper, we propose the method for reconstruction of occluded object using optical flow 
and triangular mesh representation. However, the proposed method cannot reconstruct all 
occluded regions. The range of the reconstruction of occluded region is limited by the 
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specification of lens array and 3D objects. We analyze the range of the reconstruction of 
occluded region to maximize the range. 

 

Fig. 13. Analysis of the range of reconstruction in occluded area using the proposed method 
(odd number n and neff): woc in red color is the maximum range of reconstruction with neff lens 
array, and blue color is the case of n which is smaller than neff lens array. 

As shown in Fig. 13, the number of effective lenses neff is defined by the ray that meets an 
edge of an obstacle with maximum viewing angle, which has to be expressed in positive 
integer value. We derive the number of effective lens neff as follows: 
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where x   is the ceiling function of x which is the least integer greater than or equal to x, the 

depth of obstacle is Doc, the depth of target object is Dt, the width of occlusion is w, and the 
target object is located at the center of n lens array. If the number of lens array n is larger than 
neff, the optical information from the side lenses which are located at the out of neff is 
unnecessary for the reconstruction of occluded region. However, if n is smaller than neff, we 

have to define the effective pixel disparity 
effpd which is defined by the rays passing through 

the edge of obstacle in nth lens as follows: 
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where x   is the floor function of x which is the greatest integer less than or equal to x. From 

Eqs. (7) and (8), the maximum range of reconstruction of occluded region woc is given by 
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Consequently, woc can be calculated from four directions of obstacle, and the proposed 
method can totally reconstruct the occluded region which is smaller than two times of woc. 

5. Experimental result 

We have performed the experiments by using the elemental image set which is optically 
picked up from the two different 3D objects which are textured box and dice of 50 mm and 10 
mm size, respectively. As shown in Fig. 14(a), the experimental setup is composed of the 
pickup camera, lens array, fiber light source, and objects. Figure 14(b) shows the formation of 
obstacle and target object. The specifications of the experimental setup are listed in Table 1. 
In many kinds of pickup schemes such as telecentric configuration, we use the camera lens as 
relay system with rectifying algorithm to simplify experimental setup [4,20,26,27]. 

 

Fig. 14. Experimental setup: (a) experimental setup for pickup process, (b) formation of target 
object and obstacle. 

Table 1. Specification of the experimental setup 

Setup Specification Characteristic 

Lens array 
Number of lenses 

Lens size 
Focal length 

99 by 98 
1 mm by 1mm 

3.3 mm 

Camera 
Model 

Resolution 
Lens system 

Canon 5D Mark II 
5616 by 3744 

Canon EF 28-135mm F3.5-5.6 

 

Fig. 15. Experimental result: (a) rectified elemental image set, (b) center sub-image, (c) depth 
map of center sub-image from the optical flow with sub-pixel accuracy, (d) reconstructed 
center sub-image, (e) reconstructed center sub-image with resolution enhancement (S = 5), (f) 
reconstructed depth map of center sub-image with resolution enhancement (S = 5). 
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Fig. 16. Experimental result of triangular mesh reconstruction: (a) triangular mesh 
representation of occluded center sub-image, (b) triangular mesh reconstruction of occluded 
region in center sub-image with resolution enhancement using proposed method (S = 5). 

The experimental results are shown in Figs. 15–17. Figure 15(a) is the captured and 
rectified elemental image set, and the center sub-image from the rectified elemental image set 
is shown in Fig. 15(b). As shown in Fig. 15(c), the depth map of center sub-image is 
accurately extracted by using the optical flow without depth quantization problem. After the 
depth extraction of center sub-image, the depth threshold for the segmentation is defined by 
75 mm from the histogram of depth map of center sub-image. In the same manner, the optical 
flow method extracts the depth maps of sub-images at the side positions, and the sub-images 
are segmented and projected to the viewpoint of center sub-image. Figure 15(d) shows the 
result of the reconstruction of the vertex of occluded region in center sub-image, and the 
reconstruction with resolution enhancement using triangular mesh reconstruction is shown in 
Fig. 15(e) and 15(f). Figure 16 illustrates the occluded and reconstructed center sub-image 
with triangular mesh representation, and the movie of the reconstructed sub-images at 
arbitrary viewpoints is shown in Fig. 17(a) and 17(b). The range of reconstruction of occluded 
region woc is 5.6212 pixels from Eq. (9), and the occluded region is successfully reconstructed 
as shown in experimental results. 

For thorough experimental validation, we have performed the experiment with other 
object sets which are wooden hand and candle of letter „L‟ shape. The depths of objects are 80 
mm and 40 mm, and the sizes are 65 mm by 95 mm and 10 mm by 20 mm, respectively. 
Figure 17(c) and 17(d) show the occluded and reconstructed sub-images at arbitrary 
viewpoints. 

To verify the feasibility of the proposed method in 3D object recognition, we calculate 
PSNR and NCC between the center sub-image without obstacle and the reconstructed center 
sub-image. The test image set of CGIP is the center sub-image in Fig. 3(b) and its 
reconstructed image and template image which is generated without obstacle. The occluded 
and reconstructed images in the experiments, boxes and wooden hand with letter „L‟, are 
compared with their template images. The PSNR and NCC results are listed in Table 2. We 
can see that the improvement of the accuracy of 3D object recognition is 4.62 dB in PSNR 
and 0.0202 in NCC on average, which confirms the feasibility of the proposed method. 

#136507 - $15.00 USD Received 12 Oct 2010; revised 24 Nov 2010; accepted 27 Nov 2010; published 1 Dec 2010
(C) 2010 OSA 6 December 2010 / Vol. 18,  No. 25 / OPTICS EXPRESS  26386



 

Fig. 17. Experimental result at arbitrary viewpoints: (a) movie of occluded sub-images of box 
objects (Media 3), (b) movie of reconstructed sub-images of box objects with resolution 
enhancement (S = 5) (Media 4), (c) movie of occluded sub-images of hand object (Media 5), 
(d) movie of reconstructed sub-images of hand object with resolution enhancement (S = 5) 
(Media 6). 

Table 2. PSNR and NCC results of reconstructed object 

Test image set 
Occluded image Reconstructed image 

PSNR NCC PSNR NCC 

CGIP 28.78 dB 0.9558 36.93 dB 0.9874 

Real objects (box) 26.22 dB 0.9743 28.51 dB 0.9907 

Real objects (hand) 25.42 dB 0.9782 28.84 dB 0.9909 

6. Conclusion 

We proposed a reconstruction method for the occluded region of 3D object using the depth 
extraction based on the optical flow and triangular mesh reconstruction. A more precise depth 
extraction is proposed using the optical flow with sub-pixel accuracy, which alleviates the 
depth quantization problem. From the more accurate depth maps of sub-images at the side 
positions, the point clouds are represented and projected to the viewpoint of center sub-image 
without obstacle. Consequently, the point clouds are interpolated by the triangular mesh 
reconstruction, and the occluded region is reconstructed with resolution enhancement at 
arbitrary viewpoints. The feasibility of the proposed method was verified by 3D object 
recognition in PSNR and NCC. 
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