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Abstract1 

In this paper, we propose a novel hole filling method in view 
synthesis by using deep convolutional neural networks (DCNN). 
The hole filling networks are learned by end-to-end mapping 
between hole regions and ground truth images. Hole regions are 
initially filled with background information. Subsequently hole 
filling networks restore high quality of hole filling results. The 
proposed hole filling networks consist of three layers, which are 
patch and feature extraction layer, non-linear mapping layer, and 
restoration layer. Experimental results demonstrate that the 
proposed DCNN-based hole filling method is able to significantly 
improve hole filling performance, compared to conventional hole 
filling methods. Furthermore, responses of filters learned by 
proposed DCNN show that the proposed hole filling framework 
could provide visually plausible image structures and textures to 
hole regions. 

Introduction 
In recent years, multi-view imaging systems [1], [2] such as 

autostereoscopic displays and free viewpoint television have drawn 
an attention from industry and customers. Multi-view imaging 
systems could provide an enhanced viewing experience by 
presenting different multiple perspectives of the same scene. To 
provide slightly different perspectives at different viewpoints, they 
require a large number of views. However, it is often difficult to 
capture, deliver, and present a great number of views at once 
because there are some limitations such as multi-camera capture 
system, network bandwidth, and display capability [2]. View 
synthesis techniques that generate many additional views at 
different virtual viewpoints could be useful in multi-view imaging 
systems [3]-[5]. 

Depth image based rendering (DIBR) is one of the widely 
used view synthesis techniques. In DIBR, 3D warping and hole 
filling are key parts to synthesize virtual views at a virtual 
viewpoint [6], [7]. 3D warping process is to map a given reference 
view to a desired virtual viewpoint using associated depth map. In 
this process, hole regions could be exposed in the warped view [8]-
[10]. Holes are supposed to be filled with available texture 
information in a visually plausible manner.  

In existing literatures, exemplar-based inpainting method was 
deployed in view synthesis in order to fill hole regions [11]. A 
greedy way of filling hole regions was employed, which copied the 
best matching local patch and pasted it to hole region. The greedy 
way could cause undesired visual inconsistency because the 
consistency between hole region and its neighboring regions did 
not be considered [12]. To overcome the limitation of greedy 
approaches, global optimization-based methods have been 
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proposed [13]-[15]. In the global optimization framework, it is 
possible to provide more visually plausible results by taking into 
account the harmony between hole region and its neighboring 
regions. However, a heavy computational cost is required to solve 
the global optimization problem. In addition, when there is no 
appropriate visual information in the source region (i.e., non-hole 
region), most existing hole filling methods could cause visually 
inconsistent results that are different from the original structures. 

In recent years, deep learning has succeeded in image 
understanding tasks such as object recognition and classification 
[16], [17]. Further, image de-noising and inpainting using deep 
learning have shown promising results [18]. These methods have 
shown successful results in small size regions such as super-
imposed text or scratches [18], [19].  

In this paper, we propose a learning based hole filling method 
by using deep convolutional neural networks (DCNN) in view 
synthesis. In particular, a new DCNN is learned for restoring the 
hole regions in the warped views by minimizing errors between 
hole region of warped view and corresponding region of ground 
truth image. Hole regions are initially filled with background 
information. Subsequently a hole filling DCNN restores initial hole 
filling results. The proposed DCNN for view synthesis consists of 
three layers, which are patch extraction and representation, non-
linear mapping, and restoration. The first layer is to extract local 
patches and represent high dimensional feature vectors by a variety 
of convolutional filters. The second layer is to map the feature 
vectors of the first layer to another feature vectors. Thus, this layer 
takes into account combinations of the feature vectors extracted 
from initially hole-filled region and its neighboring regions. 
Finally, the third layer aggregate these feature vectors in order to 
generate a restored patch. Holes are filled by restored patches. 
Experimental results demonstrate that the proposed hole filling 
method achieves visually plausible results using convolutional 
filters learned by DCNN. 

The rest of this paper is organized as follows. In Section 2, we 
present the proposed hole filling method using DCNN. Section 3 
presents validation experiments that evaluate the performance of 
the proposed hole filling method. Finally, the conclusions are 
drawn in Section 4. 

Proposed method 
In a view synthesis, the warped view at virtual viewpoints 

generated by 3D warping consists of two regions, which are hole 
region and source region. The hole region of the warped view 
comes from regions occluded by foregrounds of reference view at 
reference viewpoint. On the other hand, the source region 
represents non-hole region (i.e., known regions).  

The proposed hole filling method consist of initial hole filling 
and subsequent visually plausible hole filling by using DCNN. In 
the following subsections, a detailed description of the proposed 
hole filling method is described. 
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Figure 1. Proposed hole filling method with deep convolutional neural network (DCNN) for view synthesis.

 Proposed DCNN based hole filing 
The initial hole filling aims at recovering hole regions of the 

warped view roughly and simply. Background information of a 
given reference view is extracted by using disparity values. Some 
backgrounds are unknown (i.e., hole regions) in the warped view 
while they are known in reference view [10]. By referring to the 
corresponding pixels in reference view with disparity values, some 
holes in the warped view can be roughly recovered. Subsequently, 
remaining holes are simply filled with a conventional line-wise 
filling [8]. In this paper, the initial hole filling is applied in down 
scaled image to provide homogeneous filling in the warped view. 
The up scaled image of initial hole filling result is used as the input 
of the proposed DCNN for hole filling. 

As mentioned earlier, the proposed method recovers a high 
quality hole filling by using DCNN from initial hole filling results. 
Let x(0) and y denote an initial hole filling result and the ground 
truth virtual view, respectively. Our goal of the proposed DCNN is 
to restore a high quality hole filling result, which minimizes the 
dissimilarity with the ground truth. Figure 1 shows the proposed 
hole filling method with DCNN, which consists of three 
convolutional layers for patch extraction and feature representation, 
non-linear mapping for feature representation, and restoration of a 
high quality hole filling. 

The first step of hole filling is to extract candidate patches 
from source region (i.e., non-hole region). Candidate patches 
(small rectangular regions) are supposed to contain spatial 
information such as textures and edges which are useful to estimate 
missing parts of image. When a 48ⅹ48 size of input patch is put in 
deep network, feature maps are obtained in the first convolutional 
layer with learned filters of size 13ⅹ13. They can be written as 

,64,,2,1),*( )1()1()0()1( =+= jf jjj bWxx  (1) 

where x(0) is a 48ⅹ48 size of input sub-image (initial hole filling 
result). * denotes a convolution operator. )1(

jW and )1(
jb  denote the 

j-th convolutional filter (size of 13ⅹ13) and additive bias for the j-

th feature map in the first layer, respectively. f(·) denotes a rectified 
linear units (ReLU) [20]. 

The role of the first convolutional layer in the deep network is 
to extract patches and represent low-level features of the initial 
hole filling results. Thus, in this layer, the local structure patterns 
of initial hole filling results are encoded. 

 

 
 

 
(a) (b) (c) 

Figure 2. Examples of learned filters and filter responses at the first layer. (a) 
Test sub-image (initial hole filling results). (b) Convolutional filters learned by 
the proposed DCNN in the first layer. The filter size was 13x13 and 9 filters 
were selected from 64 filters for visualization. (c) 9 feature responses obtained 
by learned features. Note that the black and white values represent the low 
and high response values, respectively. 

Figure 2 shows an example of learned filters and filter 
responses (i.e., feature map) in the first layer. As shown in Figure 2 
(b) and (c), a variety of filters were learned for representing the 
structure information of initial hole filling result in the first layer. 

These resulting 64 feature maps are fed to the second 
convolutional layer for non-linear mapping. In particular, the 
second layer extracts local conjunctions of features obtained in the 
first layer to collect high-level feature maps with neighbor 
information. The feature maps in the second layer can be written as 

,32,,2,1),*( )2(
64

1

)2()1()2( =+= ∑
=

jf j
i

ijij bWxx
 

(2) 

where )2(
ijW represent the i-th convolution filters (size of 9ⅹ9) for 

the j-th feature map )2(
jx  in the second layer. )2(

jb  is a bias for the j-

th feature map in the second convolutional layer. 
In the second layer, the 64 feature maps including structure 

information of initial hole filling result mapped into 32 feature 
maps of a high quality hole filling result by combining the local 
structure patterns [21]. It can help to restore the final hole filling 
results in a visually plausible manner. 

For visually plausible result, blending of overlapping patches 
using averaging filter or Poisson blending [15], [22] is employed in 
this paper. In the third layer, 32 feature maps are locally 
aggregated to generate the high quality hole filling results. They 
can be written as 
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Figure 3. View synthesis condition. 
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where x(3) is a 16ⅹ16 size of output sub-image, which is high 
quality hole filling results in our deep network. )3(

iW is the i-th 
convolutional filter performing average operator and b(3) is a bias 
in the third layer, respectively. 

As a result, high quality hole filling results are aggregated by 
high-level latent features in the third layer. In this paper, the final 
hole filling result is obtained by replacing the hole regions of the 
warped view with x(3). 

Training DCNN for hole filling 
In this section, we describe training procedure of the proposed 

DCNN, which restores high quality hole filling result from initially 
hole filling result. The goal of the training procedure is to estimate 
the parameters, which are )1(

jW , )2(
ijW , )3(

iW , )1(
jb , )2(

jb , and )3(b . Θ 

is defined as a group of parameters Θ={ )1(
jW , )2(

ijW , )3(
iW , )1(

jb , 
)2(

jb , )3(b }. F represents the end-to-end mapping function of the 

proposed DCNN. The parameters are estimated by minimizing the 
loss function between the restored high quality hole filling results 
with the parameters F(x;Θ) and the corresponding ground truth of 
virtual view y. In this paper, loss function, which is mean squared 
error (MSE), is used. It can be written as 

,);(1)(
1

2∑
=

−Θ=Θ
N

i
iiF

N
E yx

 
(4) 

where E(Θ) is the loss with the estimated parameters Θ. N is the 
number of training samples. xi and yi are the i-th restored output by 
the proposed DCNN and the ground truth of the i-th virtual view, 
respectively. 

In the proposed hole filling method, the DCNN is learned 
using stochastic gradient descent with backpropagation to 
minimize the loss function. By minimizing the loss function using 
MSE, it allows high quality hole filling results with high PSNR 
values (PSNR = 10log10 [2552 / MSE]). 

Experiments and Results 
To demonstrate the performance of the proposed hole filling 

method for view synthesis, we have performed with publicly 
available datasets, which are Middlebury Stereo Vision datasets 
[23]. Figure 3 shows view synthesis conditions in the experiment. 
As seen in Figure 3, the datasets consist of seven color images at 
different viewpoints and two disparity maps at the second and sixth 
viewpoints. Distance between each viewpoint is uniform. In the 
experiment, the color image at second viewpoint (View1) was  

 
(a) 

 
(b) 

Figure 4. Examples of learned filters and feature maps. (a) The 64 first layer 
filters trained on the DCNN. (b) Examples of feature maps at different layers 
for “”Moebius”. 

warped to the fifth viewpoint (View4) by 3D warping in MPEG 
view synthesis reference software (VSRS) [10]. In the warped 
view, hole regions were filled by three hole filling methods, which 
were local greedy method [11], global optimization-based method 
[13], and the proposed method for performance comparison. 

In the training phase, we extracted sub-image pairs with stride 
5 as DCNN learning datasets. The sub-image pairs mean that one 
(48ⅹ48) from initial hole filling results and the other (16ⅹ16) 
from corresponding ground truth images. Roughly, 680,000 sub-
image pairs from 29 datasets were used in the training step. For 
training step in our experiment, the fourth viewpoint (View3) is set 
to the virtual viewpoint. For the test step, other 4 datasets were 
used, which are “Moebius”, “Cloth3”, “Monopoly”, and “Plastic”. 

We implemented the proposed DCNN for hole filling using 
the ‘Caffe’ package [24]. The training takes about two days, on 
GTX TITAN X GPU. In the experiment, we used only luminance 
channel in YCbCr color space. The chrominance channels are not 
used in the training step.  

In the test step, we did not divide the input images to sub-
images [25]. The entire initial hole filling results fed to the 
proposed DCNN. The proposed DCNN could provide high-
resolution hole filling results. Finally, we obtained the final 
synthesized view by replacing the hole region of the warped view 
by the corresponding region in high quality hole filling result 
obtained by the proposed DCNN.  

Figure 4 (a) shows examples of the first layer filters trained 
on the DCNN. As shown in Figure 4 (a), each trained filter learned 
its own functionality such as edge detectors at various directions 
and Gaussian blur. Figure 4 (b) shows examples of feature maps at 
each layer for “Moebius”. As shown in Figure 4 (b), the feature 
maps on the first layer provide structure information of input such 
as edges. The feature maps of the second layer provide slightly 
different structure information. 

Figure 5 and 6 show visual results of two existing hole filling 
methods and the proposed hole filling method for “Moebius” and 
“Cloth3”, respectively. Figure 5 (a), (b) and Figure 6 (a), (b) show 
the warped image at fifth viewpoint and magnified part of (a), 
respectively. Figure 5 (c), (d) and Figure 6 (c), (d) show hole 
filling results obtained by two existing hole filling methods. 
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(e)  
Figure 5. Hole filling results for “Moebius” at View4 (Reference viewpoint: 
View1). (a) Warped view. (b) Magnified part of (a). (c) Local greedy method 
[11]. (d) Global optimization-based method [13]. (e) Proposed hole filling 
method. 

Table 1: PSNR (dB) comparisons of hole filling results. 

 Moebius Cloth3 Monopoly Plastic 
Local greedy 
method [11] 27.23 27.24 28.02 33.38 

Global optimization 
based method [13] 24.42 24.54 27.57 33.78 

Proposed 
method 33.04 33.42 29.93 35.98 

 
 

As shown in these figures, existing methods provide visually 
inconsistent results including structural inconsistencies. On the 
other hand, as shown in Figure 5 (e) and Figure 6 (e), the proposed 
hole filling method provide visually plausible results. 

To evaluate the performance of the proposed method, we 
measured the quality of each hole filling result by PSNR. Table 1 
shows PSNR values compared with existing hole filling methods. 
As illustrated in Table 1, the results obtained by the proposed 
method show higher PSNR values than those of existing hole 
filling methods. As a result, experimental results show that the 
proposed hole filling method can provide visually plausible results. 

Conclusions 
We proposed a novel hole filling method using DCNN for 

view synthesis. The proposed hole filling method consists of initial 

  
(a) (b) 

  
(c) (d) 

 

 

(e)  
Figure 6. Hole filling results for “Cloth3” at View4 (Reference viewpoint: 
View1). (a) Warped view. (b) Magnified part of (a). (c) Local greedy method 
[11]. (d) Global optimization-based method [13]. (e) Proposed hole filling 
method. 

hole filling and three-layer DCNN structure for restoring the high 
quality hole filling result. Each layer of DCNN plays a key role to 
extract various features of the hole filling results. The proposed 
hole filling method with DCNN is able to significantly improve the 
hole filling performance, compared to conventional hole filling 
methods.  
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