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A high quality multi-view generation algorithm is proposed to eliminate the camera parameter 

limits for a sparse camera configuration. The proposed algorithm includes multi-view generation and 

artifact reduction. The feature points of the foreground objects in the input images are used to find the 

disparity function for the central view and then we use this function to determine the disparity 

calibration function for all virtual views to replace the camera parameters. To improve the generated 

virtual image quality, artifact reduction based on a modified inpainting algorithm is proposed to 

reconstruct the holes and false contours. 

Experimental results show that the quality of the virtual view images in multi virtual view 

generation and in artifact reduction can be raised by 2.67dB and 4.57dB, respectively in terms of 

PSNR. From the experimental results, it is found that the proposed algorithm can provide multi virtual 

views of high quality and can be adapted to different multi-view display systems 

Keywords: Multi-View Video, virtual view synthesis, camera parameter estimation, image inpainting; 

artifact reduction. 

1. INTRODUCTION 

In recent years, 3D technologies have become very popular. To improve the 3D viewing 

experience, multi-view video (MVV) has been developed for a new 3DTV application. Multi-view 

TV can provide multiple viewers who are in different positions relative to the display system a 

simultaneously real 3D perceptual experience without the need for further equipment such as 3D 

glasses. Since the cost of traditional video captured by multiple cameras is too high, especially in 

sports arenas, the cameras are set up in a sparse camera configuration as shown in Fig.1 [1]. The 

depth image based rendering (DIBR) algorithm [2], [3] is a popular method to achieve virtual views 

for a multi-view display. However, there are two problems encountered in the process of virtual 

view generation for sparse camera configuration, one is the camera parameter estimation for virtual 

view generation, and the other is the existence of artifacts such as small cracks and holes in the 

generated views. The above two problems will cause the viewer to be dissatisfied. 

Fig. 1. Sparse camera configuration. 

The projection matrix of the camera parameter estimation is usually used to create the virtual 

view, but the difficulties of obtaining the projection matrix result in a more complex virtual view 
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generation process. Since the misalignment is between color and depth, the false contour appears in 

the background. When generating virtual views, the previous works [4-6] generally used the camera 

parameters. In the paper [4], their algorithm uses the camera parameters to generate the projection 

matrix, and uses it to process 3D warping, and generates the virtual views. The papers [5] and [6] 

use camera parameters for the horizontal warping and the linear interpolation function to find the 

relationship between the different views in order to generate the virtual views. The methods in the 

papers [4-6] all use the camera parameters to generate virtual views. However, the camera 

parameters are difficult to obtain, so that, the multi-view display becomes inconvenient in terms of 

use. To eliminate the camera parameter limits, the paper [7] uses the disparity estimation method 

based on region segmentation to replace the camera matrix calculation. To reduce the computation 

complexity of stereo matching, their algorithm uses arithmetic mean and standard deviation of depth 

value distribution to divide an image into three regions; which are the foreground region, medium 

region and background region. Then it uses feature points to perform stereo matching thus finding 

the disparity between the regions. However, their algorithm cannot accurately divide object regions 

using depth value distribution. The stereoscopic 3D effect is not sufficient when using only the 

disparity to create the virtual views. 

Since the warping function of DIBR is a nonlinear function, some artifacts exist in the 

generated images. The false contour is a very common artifact. The paper [8] proposes an adaptive 

edge-oriented smooth preprocessing method to deal with geometric distortions with low 

computation complexity. The paper [9] estimates the maximum allowable depth distortion to 

synthesize a virtual view without introducing any geometry distortion so that the fast and efficient 

depth compressions are achieved. To enhance the quality in a region of the virtual view which is 

affected by an artifact, some studies ([10] and [11]) focus on hole-filling for artifact reduction and 

use the inpainting algorithm to reconstruct the holed regions. In addition, false contour effects will 

appear in the background region, when a misalignment exists between the color image and the depth 

map. False contours also negatively impact 3D perception. The papers [12] and [13] design a filter 

to smooth false contours. The hole dilation method is proposed in the paper [14], in which the 

method is applied before the image blending, then the hole is expanded to eliminate the false contour. 

These methods can reduce the false contours. However, if the hole region is too large, the quality 

of the resulting virtual image will be decreased. In additional, objective crosstalk metric in 

stereoscopic displays by method applying a 2D structural similarity (SSIM) map result and depth 

map to consider perceptual 3D crosstalk attributes by Xing et al. [15]. To obtain the very high 

quality image, paper [16] adopts deep learning technology to remove false contour in HEVC 

compressed images. However, those algorithms are applied to the 2D images. 

In this paper, a high-quality multi-view generation algorithm is proposed in which the virtual 

multi-views are generated for a multi-view display in a sparse camera configuration. This paper 

uses the feature points of the foreground objects to find the disparity of the input images. Then this 

value is used to determine the disparity calibration function for all virtual views to replace the 

camera parameters. Based on our previous work [7], this paper uses the disparity estimation method 

for finding the object regions to replace the camera matrix calculation, then the warping module 

and image blending [17] are used to create a high-quality virtual multi-view. To achieve a high-

quality 3D viewing experience, a modified image inpainting algorithm is proposed for artifact 

reduction and then the bilateral filter [12] is applied to improve the quality of the hole and false 

contour regions. 

This paper is organized as follows. In section Ⅱ, the multi-view synthesis algorithm using two 

pairs of images; one pair consisting of color images and another pair corresponding depth images, 

is proposed. The experiment result of the proposed algorithm is presented in section III. In Section 

Ⅳ, the conclusions are given. 
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2. THE PROPOSED ALGORITHM 

To achieve virtual multi-views for a multi-view display in a sparse camera configuration, the 

proposed algorithm is applied to generate the virtual multi-views using a pair of color images and 

their corresponding depth images. The proposed algorithm is divided into two parts as shown in Fig. 

2. One is virtual multi-views generation in which the input images and their corresponding disparity 

tables are used to generate the virtual multi-views for multi-view display. The other one is artifact 

reduction which is applied to improve the generated virtual image quality when the virtual image 

contains some artifacts such as holes or false contours. 

Fig.2 Structure of the proposed algorithm 

 

2.1  Multi View Generation 

The proposed virtual multi-views generation in sparse camera configuration includes camera 

parameter estimation, view disparity correlation and virtual multi-views generation. 

(A) Camera Parameter Estimation 

The distance difference between the two input images, which is called the disparity value, is an 

important parameter in the generation of virtual multi-views. We can use these disparity values and 

the warping module of DIBR to generate the virtual multi-views. To estimate the camera parameters, 

the proposed method uses the feature points of the left and right color input images and their depth 

map information to estimate the disparity of the input images. The flowchart of the feature based 

disparity matching is shown in Fig.3.    

Fig.3 Flowchart of camera parameter estimation 
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To improve the accuracy of the disparity estimation and reduce the computation time of the 

stereo matching, the proposed method uses the feature points as the matching points for finding the 

disparity. For the feature point detection, the Gaussian filter is used to reduce the noise in the input 

images, and the gradient operator is used twice to detect the edge (s) as defined in (1). 

 
2 2( , ) ( ( , )) ( ( , ))h vs x y s x y s x y 

                               (1) 

 

where   ;    

 

 

A denotes the image which has been Gaussian filtered twice in order to reduce the noise. Sh and 

Sv denote the horizontal and vertical edge detection matrices, respectively, and Sh (x,y) and Sv (x,y) 

denote the elements of Sh and Sv at the location (x,y). * denotes the convolution operation. 
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Then feature point  **, yx  defined in (2) is the point on the edge with the maximum gradient 

variation in each block. Fh and Fv denote the gradient matrices of the horizontal and the vertical, 

respectively; and fh(x,y) and fv(x,y) denote the elements of Fh and Fv at the location (x,y), respectively. 

The result of the feature point detection for the left and the right views are shown in Fig.4 (a) and 

Fig.4 (b), respectively. 

           

(a)                                                             (b) 

Fig.4 Feature point detection. (a)Feature points of the left view, (b) feature points of the right view. 

To estimate the disparity between the left and right input images, the adaptive matching 

window (i.e. wR) in the right color image is used to find a similar window (i.e. wL) in the left color 

image, and then we calculate the distance between the two windows. Therefore these feature points 

in the right view are the matching points and used to produce its matching windows in the stereo 

matching process. The size of wR for the feature point is determined by the variance of the depth 

values (3) and (4), where (3) and (4) denote the window sizes on the horizontal axis and vertical 

axis, respectively. 
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where DR(x,y) (DL(x,y)) denotes the depth value at the location of the pixel (x, y) in the right (left) 

view, and t is a threshold which is set as 5 here. 

In order to find the disparity, the criterion of the disparity determination is defined in (5), 

 

 (5) 

 

where CR and CL denote the pixel values of the matching window in the right and left color images, 

respectively. d is the search region size. c is the central view. disc denotes the disparity value of the 

feature points. After the stereo matching process, the depth value is used to find the corresponding 

disparity in the depth map. If Dc denotes the depth value of the central view, then Dc(disc) denotes 

the depth value of the corresponding disparity disc. Fig.5 is an illustration of the disparity and depth 

correlation for the first frame in the central view of the Café sequence. 

 

 

Fig.5 Disparity and depth correlation for the central view. 

(B) View Disparity Correlation Determination 

For the 3D viewing experience, the correlation function of disparity and depth should be an 

increasing function. However, as can be seen in Fig.5, there are two problems with the disparity and 

depth correlation function which arise from the camera parameter estimation. One is that some 

depth values do not have corresponding disparity values, as shown in the broken line circles of Fig.5. 

In this case, we need to assign the disparity values using the disparity of the closest depth value. 

The other problem occurs when there is no correlation between the depth values and it's 

corresponding disparity value as shown in the rigid circles of Fig.5. In order to provide the viewer 

with a high-quality 3D viewing experience, this paper proposes a disparity refinement method to 

modify the correlation of the estimated disparity and the depth values as defined in (6). The results 

of the modified disparity and depth correlation for the central view as Figure 5 are shown in Figure 

6. 
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Fig.6 Modified disparity and depth correlation for the central view 
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When the correlation function of the disparity and the depth value for the central view is 

obtained from (6), the central disparity values (disc) and the three-dimensional space transform [18] 

are used to generate the correlation of the disparity and the depth value for the other views. Then 

the virtual multi-views can be generated using the corresponding disparity correlation. The 

correlations of the disparity and depth value for other views Dc(disc) are defined in (7), 

( ) ( ) ,  1,2,3,4c c c i c iD dis D dis d i                                              (7) 

where c is the central view number, ci denotes the view number. (i.e. c+i views are the right side 

virtual views of the central view, c-i views are the left side virtual views of the central view). di 

denotes the disparity calibration function as (8) with consideration of the 3D TV viewer’s 

experience. 

     (8) 

 

ZTV is the distance between the display and the viewer. ZTV=500 cm is set here. Z is a real-world 

distance between the object and the viewer. In order to find the disparity between two views, the 

depth value is transformed into the distance (Z) from the 3D display at which the viewer must sit

 to enjoy a satisfactory 3D viewing experience, and then we use an inverse transform to obtain th

e disparity between the different views as (9) [18].  

              (9) 

where Zfar and Znear are the farthest distance in the positive parallax and nearest distance in the 

negative parallax, respectively. Here, we set cm and cm. is the maximum 

disparity between different views and is set . 

(C) Virtual multi-views Generation based on Bi-directional Warping 

For the virtual multi-views generation, the Z proposed algorithm uses the disparity function of 

each view to perform the bi-directional warping process of DIBR. The warping module uses forward 

warping and backward warping on the depth maps and the color images, respectively. The flowchart 

is shown in Fig.7 [4]. There are two sets of generated virtual views at the same virtual view position. 

 

 

Fig. 7 Forward and backward warping based on DIBR[4]. 

The generated virtual depth maps for each view from the left and right depth images are shown 

in Fig.8 (a) and (b), respectively. The generated virtual color images for each view from the left and 

right color images are shown in Fig.8 (c) and (d), respectively. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Fig.8 Forward and backward warping for virtual multi-views, (a) depth maps from the left depth image, (b) 

depth maps from the right depth image, (c) virtual color images from the left color image, (d) virtual color 

images from the right color image. 

Since there are two sets of generated virtual views at the same virtual view position, the process 

of image blending for the pixels of the virtual view selection can be adapted to avoid mismatching 

the warped pixels and to improve the quality of the generated virtual view images. The method of 

image blending adopts the idea from the paper [18] which selects suitable pixels for the generated 

virtual view from two sets of virtual images. The idea of image blending for the virtual view is that 

the pixel value is selected from a side of the main virtual image, (i.e. c+i views use the right side, 

c-i views use the left side), if the pixel is not a hole (pixel value is available) in the main virtual 

image. There are three different types of image blending as shown in Table 1. In case 1, means the 

pixel values in the main virtual image are available and are used as the generated virtual view pixel 

values. In case 2, the hole is in the main virtual image and available pixels from another virtual 

image are chosen to be the generated virtual view pixel values. In case 3, the pixels in the two virtual 

images are holes, in this case, the proposed hole filling method is used to reconstruct the hole. The 

result of image blending for the pixels of the virtual view selection is shown in Fig.9. 

Table 1 Image blending cases 

 Pixel in main 

virtual image 

Pixel in other 

virtual image 

Pixel values used for virtual 

view 

Case 1 Available X (not required) Side of the main virtual image 

Case 2 Hole Available Side of the other virtual image 

Case 3 Hole Hole Hole-Filling 
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Fig.9 Result of image blending for the central view 

From the result of the image blending, we can see that two artifact effects (holes and false 

contours) have appeared in the image. The holes are enclosed by the red circles and the false contour 

is enclosed by the blue circle in Fig.9. These artifacts will give the viewer an unsatisfactory 

experience. In this paper, an artifact reduction method is proposed to improve the quality of the 

generated virtual views. 

 

2.2. The proposed artifact reduction algorithm based on a modified image inpainting 

method 

In this section, an artifact reduction algorithm based on a modified image inpainting method 

is proposed to reconstruct holes and eliminate false contours in the generated virtual views.  

From the results of the forward warping and backward warping, the hole pixels can be flagged. 

Then the position of the hole pixels is known after the image blending process. The modified image 

inpainting algorithm is used to perform the hole filling. 

False contour artifacts occur when a foreground edge (boy’s head) appears in the background 

region as shown in the blue circle in Fig.10. The false contour artifact will produce an unsatisfactory 

experience for 3D viewers. Therefore, false contour reduction is an important part of virtual view 

generation. 

 

Fig.10 False contour 

To detect the false contours, a gradient of pixel values is used to detect the edge as defined in 

(1) where A is now the image generated by the image blending process. However, this method 

detects both false and true edges. It is known that an edge which has a high depth value and is in 

the background region of the depth map is a false contour. If the depth values on both sides of the 

detected edge are deemed to belong to the background area, then that edge is considered to be a 

false contour.  

To eliminate false contours and to reconstruct the artifact affected regions (i.e. regions in which 

false contours and holes are found), this paper proposes a modified image inpainting algorithm 

which uses the concealment confidence (Hc) of the pixels surrounding the occluded pixels in the 

artifact affected regions. Hc is a measure of the amount of reliable information in the pixels 



Artifact Reduction based Multi-view Generation Algorithm for Sparse Camera Configuration 9 

surrounding the hole or false contour region within a patch τ_p. An illustration of the proposed 

algorithm is shown in Fig.11 in which aHR is the center of the patch τ_p, HR denotes the artifact 

affected regions, FR denotes the foreground region, and BR denotes the background region. To 

reduce the computation complexity of the confidence Hc and to avoid restarting the patching 

process, the proposed modified image inpainting selects the initial concealment patch from the first 

Hc calculation for the artifact region reconstruction. The conceal patch candidate which has the 

highest confidence value is selected to be the concealment patch, and then the artifact pixels will be 

filled using data extracted from the source region from left to right. The concealment confidence 

Hc is defined in (10).  

 

Fig.11 Illustration of the modified image inpainting method 

 (10) 

where BH is a buffer to record the position of the hole or false contour region. If , then 

the location (x,y) is not a hole and is not in a false contour region, therefore, this pixel value is a 

suitable candidate for hole filling and false contour reduction. The candidate patch with the most 

similar 𝜏𝑞  and the maximum Hc is determined from (11), where denotes the sum of the 

absolute difference between the patches 𝜏𝑝 and 𝜏𝑞 . This patch is then used to fill the artifact   

                              (11) 

Finally, the bilateral filter [12] smooths the false contour and its surrounding region. The result 

of the artifact reduction is shown in Fig.12. The artifact regions are already eliminated as shown in 

the blue circle in Fig.12.  

 

Fig.12 The result for the central view 

The flowchart of the proposed false contour reduction algorithm based on a modified image 

inpainting method is shown in Fig.13. An edge detection algorithm is applied to all depth maps and 

color images, then edge information in the color image and its corresponding depth edge is used to 

detect the false contours. The modified image inpainting and a bilateral filter are used to improve 
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the quality of the generated virtual images. 

 

 
Fig.13 Flowchart of artifact reduction. 

3. EXPERIMENT RESULT 

The comparison between the proposed algorithm and other existing algorithms can be divided 

into two parts. One tests the virtual multi-view generation. The comparison algorithm is proposed 

by the paper [7], which uses the disparity estimation method based on region segmentation to find 

the disparity of the two input views, then uses the estimated disparity to generate the virtual views. 

The other part of the comparison shows the results of the artifact reduction in the generated virtual 

views. The comparison algorithms for this part are proposed by the papers [12] and [14], which use 

a bilateral filter and hole dilation to eliminate false contours. 

The test sequences are Café, Lovebird, GT fly, Baby, Books and Bowling, and their frame sizes 

are 1920×1080, 1024×768, 1920×1088, 1240×1100, 1390×1100 and 1252×1100, respectively. 

Finally the nine virtual views are synthesized for multi view display, and the number of frames is 

100. PSNR [19], SSIM [19] and CORR [20] indexes which are used to evaluate the proposed 

algorithm and the compared algorithms are as (12), (13), and (14), respectively. 

2
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denotes the reference image, g is the test image, M and N denote the height and width of the image, 

respectively, 𝑓𝑖𝑗  and 𝑔𝑖𝑗  are pixel values. The SSIM index in (13) is a value belonging to the 

interval [0, 1], if the value is close to 1, the structural similarity is high. 
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f and g are the mean values of images f and g, respectively. f and g are the 

variances of images f and g respectively, fg denotes the covariance of images f 

and g. The CORR index (14) is the correlation of the two images, if the value is 
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close to 1, the correlation is higher. 

                                         (14)                        

3.1.  Test for Virtual Multi-views Generation 

The experiment results for the central view are shown in Fig.14, and Table 2. Experimental results 

show that the proposed algorithm performs better than the other algorithms in the synthesized image 

quality. Due to the depth value discontinuity, the disparity estimation of the paper [7] will generate 

broken objects as shown in the yellow circle in Fig.14 (a) and (c). On the Café sequence, the test 

results of [7] are better than those of the proposed algorithm. This is because the proposed algorithm 

estimates the disparity as zero in the background region, therefore, the background regions of the 

virtual views are filled using the background information of the input images. However, the 

disparity of the background region in the ground truth images may not be equal to zero, thus 

producing lower test results than that of [7]. Yet even in this special case, a good 3D experience is 

maintained in the generated virtual views.  

  

                            (a)                           (b)  

  
(c)                           (d) 

  

  (e)                           (f) 

Fig.14 Result of the central virtual view (a) result of literature [7] for Café, (b) result of the proposed 

algorithm for Café, (c) result of literature [7] for Lovebird, (d) result of proposed algorithm for Lovebird, (e) 

result of literature [7] for GT_fly , (f) result of proposed algorithm for GT_fly. 

Table 2 Test score of multi virtual view generation  

Café PSNR(dB) SSIM CORR 

Literature [7] 33.0024 0.9956 0.9956 

( , ) | |
fg

f g

CORR f g
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Proposed Algorithm 31.5693 0.9872 0.9871 

Lovebird PSNR(dB) SSIM CORR 

Literature [7] 22.6656 0.9516 0.9517 

Proposed Algorithm 24.9571 0.9716 0.9717 

GT_fly PSNR(dB) SSIM CORR 

Literature [7] 26.8965 0.8285 0.8287 

Proposed Algorithm 27.2756 0.8892 0.8892 

Books PSNR(dB) SSIM CORR 

Literature [7] 18.0647 0.760072 0.760077 

Proposed Algorithm 19.9389 0.8403 0.8405 

Baby PSNR(dB) SSIM CORR 

Literature [7] 24.4138 0.815305 0.815331 

Proposed Algorithm 24.5105 0.8278 0.8282 

Bowling PSNR(dB) SSIM CORR 

Literature [7] 25.006569 0.933182 0.933253 

Proposed Algorithm 29.2366 0.9754 0.9755 

3.2.  Test for Artifact Reduction 

The result of a comparison of the artifact reduction performed by different algorithms on 

generated virtual views is shown in Fig.15, and the test scores are shown in Table 3. In this 

experiment, the virtual views generated by the proposed virtual view generation algorithm are used 

for all comparison artifact reduction algorithms. Observing the results of different algorithms, all 

false contours are reduced by different methods, but there are still some phenomena as follows. The 

filter [12] has caused some blurring in the background, as shown in the yellow circle in Fig.15 (a) 

and (c). In Fig.15 (b), all the false contours are reduced using the method proposed in [14], but due 

to the different color information in the input images, the color discontinuity appears as in the red 

circle. In Fig.15 (c), the results of the proposed algorithm reduce the false contours better than those 

of the other algorithms. In the Lovebird sequence, the depth value is not uniformly distributed; 

therefore, some false contours do not appear in the background region. This phenomenon will 

influence the image quality after false contour reduction. But the test score of the proposed 

algorithm is still better than those of the other algorithms.   

Experimental results show that the quality of the virtual view image in the virtual multi-view 

generation and artifact reduction can be increased by 2.67dB and 4.57dB in PSNR, 0.08 and 0.09 

in SSIM, and 0.081 and 0.091 in CORR, respectively. From the experimental results, the proposed 

algorithm can provide virtual multi-views of high quality, and can be adapted to different multi-

view display systems. 
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(a)                  (b)                 (c) 

     

(d)                  (e)                 (f) 

Fig.15 (a) result of literature [12] for Café, (b) result of literature [14] for Café, (c) result of proposed algorithm 

for Café, (d) result of literature [12] for Lovebird, (e) result of literature [14] for Lovebird, (f) result of proposed 

algorithm for Lovebird 

Table 3 Test Score of Artifact Reduction  

Café PSNR(dB) SSIM CORR 

Bilateral Filter [12] 18.9289 0.883736 0.883790 

Dilation [14] 19.8204 0.906193 0.906195 

Proposed Algorithm 24.8693 0.9716 0.9714 

Lovebird PSNR(dB) SSIM CORR 

Bilateral Filter [12] 21.369795 0.933599 0.933612 

Dilation [14] 21.390028 0.934086 0.934094 

Proposed Algorithm 24.9571 0.9716 0.9717 

GT_fly PSNR(dB) SSIM CORR 

Bilateral Filter [12] 27.28 0.89 0.89 

Dilation [14] 25.769239 0.886740 0.886749 

Proposed Algorithm 27.3756 0.8992 0.8992 

Books PSNR(dB) SSIM CORR 

Bilateral Filter [12] 19.94 0.84 0.84 
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Dilation [14] 19.555493 0.824367 0.824760 

Proposed Algorithm 19.9689 0.8503 0.8505 

Baby PSNR(dB) SSIM CORR 

Bilateral Filter [12] 24.315 0.82 0.82 

Dilation [14] 24.352859 0.810036 0.810209 

Proposed Algorithm 24.5105 0.8378 0.8382 

Bowling PSNR(dB) SSIM CORR 

Bilateral Filter [12] 29.24 0.98 0.98 

Dilation [14] 28.852294 0.973215 0.973275 

Proposed Algorithm 29.4366 0.9854 0.9855 

 

 4. CONCLUSION  

In this paper, an effective algorithm without camera parameters for virtual view generation in 

sparse camera configuration has been presented. The algorithm uses the feature points of the 

foreground edges to find the disparity function of the input images and then to find the disparity 

calibration function for all virtual views. To improve the quality of the generated virtual views, an 

artifact reduction algorithm based on the modified image inpainting algorithm is proposed. The 

proposed algorithm can not only generate virtual views in sparse camera configuration without 

camera parameters, but also effectively reduce the artifacts. Experimental results have shown that 

the proposed method can improve the quality by 0.029-5.940 PSNR, 0.005-0.088 SSIM and 0.006-

0.088 CORR index depending on the sequences. In addition, the proposed method can be easily 

applied to different multi-view displays. 
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