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Abstract: The conventional warping method only considers translations of pixels to generate stereo
images. In this paper, we propose a model that can generate stereo images from a single image,
considering both translation as well as rotation of objects in the image. We modified the appearance
flow network to make it more general and suitable for our model. We also used a reference image to
improve the inpainting method. The quality of images resulting from our model is better than that
of images generated using conventional warping. Our model also better retained the structure of
objects in the input image. In addition, our model does not limit the size of the input image. Most
importantly, because our model considers the rotation of objects, the resulting images appear more
stereoscopic when viewed with a device.
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1. Introduction

In recent years, because of the commercialization of wearable systems and the vigorous
development of related technologies, research on virtual reality has become increasingly popular.
Among many related topics, the concept of stereo images is basic and essential. In the real world, the
human eye recognizes three-dimensional objects, which is termed a stereoscopic sense [1].

Many studies have been conducted on stereo images, on such issues as the design of special
cameras or devices to capture stereoscopic panoramas [2] and stitching stereoscopic panoramas from
stereo images captured with a stereo camera [3]. Research on stereo images also benefits from the
recent dramatic development of deep learning. After several representative networks were proposed,
such as convolutional neural networks (CNNs) [4,5] and generative adversarial networks (GANs) [6],
correlated studies on stereo images witnessed breakthrough developments, such as stereo matching and
disparity estimation from a pair of stereo images [7,8], single view depth estimation [9–13], predicting
new views or constructing a complete three-dimensional scene from an image sequence [14,15], and
view synthesis for an object from only a single view [16–20].

However, these studies lack a method for generating a pair of stereo images from a single image.
For example, if there is only one photo in an album, it cannot be used to obtain stereo images to present
stereoscopic vision using the aforementioned methods. Xie et al. [21] proposed a CNN-based method
to automatically convert videos from two to three dimensions, where a single image is input as the
left-eye view, and the disparity of each pixel is predicted using the network to generate the right-eye
view. The input (left-eye view) and output (right-eye view) can be combined into a red-cyan anaglyph.
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A drawback of this method is that it is based on the conventional warping method, and considers only
the disparity of each pixel and not the rotation of the entire object.

The conventional warping method warps an image using the disparity between each pixel in
the left- and right-eye views, based on the different depths of pixels in the image. It only considers
translations of pixels. However, when both eyes gaze at the same object in a scene, the object between
the different views of the eyes appears to not only be translated, but also rotated. The rotation is
an essential factor that affects the stereoscopic sense. Although the traditional warping method
may display similar effects, because of different translation values of each pixel in the same object,
the resulting image is usually too distorted or blurred and the rotation is insignificant, resulting in
insufficient stereoscopic sense. Furthermore, in the conventional warping method, the pixels that are
not in the original image but can be observed in the resulting image (i.e., the part that cannot be seen
in the original image because of the field of view) cannot be effectively processed. Therefore, in this
paper, we propose a new model that generates stereo images from a single image, considering both
translations as well as the rotation of objects in the scene.

Methods that consider both translation and rotation can be found in many studies of view
synthesis [14,20,22]. Flynn et al. [14] proposed a method that is similar to complementing frames in a
video. They used an image sequence (e.g., a video) captured in motion as an input, and employed a
network to predict a new view between two frames. Although their method can obtain high-quality
results, it cannot be applied to a single image. Methods proposed by Park et al. [17] and Zhou et al. [20]
have produced results on a single object, and their networks could effectively predict the portion of
the object that was occluded in the original view. However, when these methods are applied to scene
prediction, even if the approximate structure and texture can be generated, a considerable amount of
distortion and blur may occur.

In this paper, we attempt to convert the view synthesis problem of the entire scene in a single
image into a view synthesis problem of several objects to achieve our aim. We propose a new algorithm
that allows the user to input a single image as the left-eye view. During the operation, the translation
and rotation of each object in the scene are considered. This generates a right-eye view that can
be combined with the input image to form a pair of stereo images, and the user can feel a stronger
stereoscopic sense when viewing it.

2. Related Works

Luo et al. [8] treated the problem as a multiclass classification, where the classes are all possible
disparities. They proposed a new matching network for stereo matching, and it produced accurate
results in less than 1 s of GPU (graphics processing unit) computation. Kendall et al. [7] proposed
a novel deep learning architecture for regressing disparity using a pair of stereo images. They used
three-dimensional convolutions with disparity cost volume, representing geometric features, to predict
a disparity map. Eigen et al. [10] proposed a multiscale deep network to solve the problem, and it
consists of two parts. One makes a coarse global prediction, and the other refines this prediction locally.
Zhou et al. [13] proposed two CNNs that can predict a depth map and camera pose, including position
and direction information, from an image. During training, they used a video sequence as an input
and the network selected one frame as the target image. Garg et al. [11] used the depth predicted from
the left-eye view to compute a disparity map. They warped the right-eye view as a new left-eye view,
and the error calculated from the two left-eye views was used to train the network. Godard et al. [12]
furthered this method to propose a more careful approach. Instead of only warping the left-eye view
as a new right-eye view or vice versa, they did both simultaneously. They first computed the predicted
disparity from the left-eye view, and then warped the left- and right-eye views to obtain new right-
and left-eye views, respectively.

Kulkarni et al. [16] proposed a network that can receive geometric parameters, such as poses,
lights and shapes. They used a view of an object as an input and then added geometric parameters,
such as pose and light, during the encoding process. After decoding was conducted, a new view
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with information about these parameters could be produced. Tatarchenko et al. [18] added rotation
information during the encoding process, and their network could directly generate pixels of the new
rotated view. By contrast, Zhou et al. [20] proposed an appearance flow network (AFN), that does
not generate pixels directly, but produces appearance flow instead. They sampled the original view
with the flow to synthesize a new high-quality view. However, the shortcoming of this method is
also obvious. Because the result is sampled from the original view, it is influenced by the correlation
between these two views. When the new view and the original view share only a small number of
pixels (i.e., the rotation angle is too large to make the new view completely different from the original
view), the quality of the new view will be low.

After GANs [6] were proposed, some studies attempted to use them to solve the aforementioned
problem. Park et al. [17] proposed a transformation-grounded view synthesis network based on
AFNs [20] and GANs. They multiplied the result of the AFN with a visibility map, and converted
the problem from that of a new view synthesis to that of image completion. To a certain extent, this
facilitated the overcoming of the shortcoming of AFNs. Zhao et al. [19] used variational inference to
generate global appearance details, such as shape and color, of the new view, and then used GANs to
complete the details. However, these methods are designed only for view synthesis of objects, and
produce low-quality results when the entire scene is the input. The networks are also limited, in that
the trained model is applicable to only one type of object.

Flynn et al. [14] proposed a method with concepts similar to complementing frames. They used a
sequence of multiple and consecutive—but not sufficient—photos of different views as inputs, and
then used the network to predict new views that do not appear in the sequence; that is, they cascaded
the inputs and results into a relatively smooth video. Hedman et al. [15] reconstructed a complete
three-dimensional scene, containing color, depth, and normal information, from photo sequences.
Images resulting from these methods are high-quality, and these methods can be applied to real scenes,
provided the defined input is an image sequence. Xie et al. [21] proposed a CNN-based method to
automatically convert videos from two dimensions to three dimensions. Their method is different from
other methods in that their network directly predicts several disparity channels. To train the network
end-to-end, they converted the conventional warping equation to a differentiable form. Although
the method can be applied to a single image, it is still based on the conventional warping method,
considering only the disparity of each pixel.

3. The Proposed Approach

The aim of our model is to allow a user to input a single image as the left-eye view and generate a
right-eye view. In contrast to conventional warping-based methods, our method considers both the
translation and rotation of objects. The output image can be combined with the input image to form a
pair of stereo images. Figure 1 presents the flowchart of our model, which consists of five main parts.
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3.1. Depth Estimation

First, we estimated a depth map from an input image. We used the network and pretrained model
proposed by Eigen et al. [9] because of its simple and efficient architecture. It consists of three parts
that represent different scales. In the first scale, Eigen et al. trained two sizes of models. One model is
based on an ImageNet-trained AlexNet [4] and the other is initialized by the VGG network [5]. We
choose the VGG-initialized model for our model because of its higher performance.

The network uses three scales to complete the prediction task. First, it predicts a coarse but
spatially varying set of features in scale 1. Then, it predicts a more detailed view at a midlevel
resolution in scale 2. In scale 3, it refines the predictions at a higher resolution. Note that although the
network can predict depth maps, surface normals and semantic labels from one image, we used it
only for depth estimation because the semantic labels predicted by this network were not sufficiently
accurate to fit our model. By contrast, the pyramid scene parsing network (PSPNet) [23] can deliver a
higher performance.

Because the network is trained for the NYUDepth [24] indoor data set, the output size is only
147 × 109, which is smaller than the input image (558 × 501). Therefore, we could not use the network
to compute disparities for all pixels directly. Also, the depth map predicted by the network does not
cover the entire input image. The width of missing regions along the four borders was 5 pixels. Thus,
to fit the input image, we extended the borders of the depth map and then upscaled it. To extend the
depth map, we added five pixels to each border by copying the colors from the nearest pixels. This
simple strategy was used because in human vision, information along the edges of a scene is often
ignored and considered less important. To upscale the depth map, we used bicubic interpolation [25],
which generates a smoother result than bilinear interpolation and nearest-neighbor interpolation. The
result is presented in Figure 2. We use grayscales to facilitate visualizing the upscaled depth map.
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3.2. Semantic Segmentation

Our model predicts semantic labels from the input image in addition to estimating the depth map.
In semantic segmentation [26], the PSPNet [19,23] can achieve high performance using various data
sets and can also outperform the network proposed by Eigen et al. [9]. We used the PSPNet to predict
semantic labels because of its high accuracy.

The PSPNet first uses ResNet [27] to generate a feature map from the input image, and then
produces different subregional representations using the pyramid pooling module. After upsampling,
concatenation and convolution layers, semantic labels that consider the global and local context
information are predicted. Zhao et al. [23] trained several models using different data sets to measure
the performance of the PSPNet. In our model, because the network and pretrained model that estimate
the depth map are trained using the NYUDepth indoor dataset, we chose the model trained using the
ADE20K [28] dataset for the PSPNet. It is suitable for our model and can be applied to both outdoor
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and indoor scenes. The ADE20K data set contains 150 object categories. Although correctly identifying
the category of each object is not essential to our model, the ability of PSPNet to accurately color most
objects in a scene is helpful in subsequent processes. Also, the predicted labels and the input image are
of the same size. Thus, we can directly use the labels to segment the image.

To compute the translation and rotation of each object, we must segment the input image into
several objects. After segmentation was conducted, we separated regions that were unconnected or
belonged to different categories. Our algorithm identifies the cluster of each region using the semantic
labels. After clustering, we generated a cluster list that is then filtered with four conditions: (1) the
labels of the region are the background categories, such as wall, sky, floor, ceiling, road and sidewalk;
(2) the size of the region is too small; (3) most pixels of the region are at the borders of the image; and
(4) the average depth of the region is too deep, which means that the object is too far away to result in a
significant rotation in human vision.

If the region of a cluster meets any aforementioned conditions it will be removed from the cluster
list, because in our model, we only focus on those regions or objects that are important, sufficiently
large, and noticed easily by the human eye. After regions were separated, we segmented the input
image into several objects, as presented in Figure 3. However, we eroded the background image
because of the inaccuracy of the semantic labels along the borders of objects.
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3.3. Translation and Rotation Computation

When computing translations, the sign of disparities from the left-eye view to the right-eye view
is crucial. We used a form of the conventional warping method [21] to compute the disparity of each
object. The equation is defined as follows:

d =
B(D− f )

D

where d is the disparity, D is the depth, B is the baseline, and f is the focal length. Thus, when D < f, d
carries a negative sign, and a positive sign otherwise.
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We use this equation to compute disparities for both objects and background. For objects, D is the
average depth of the covered region, and we use the same disparity to translate all pixels in the region.
For the background, D is the depth of each pixel that translates with its own disparity. The left-eye
view is translated to the right-eye view using a simple warping equation, defined as follows:

It(x, y) = Is(x− d, y)

where d is the disparity, It(x, y) is the value of pixel (x, y) in the result, and Is(x − d, y) is the value of
pixel (x − d, y) in the input image.

The rotation of an object is related to its depth. Between the left- and right-eye views, the rotation
is larger if the object is closer. In addition, because we generated the right-eye view from the left-eye
view, the rotation of the object was always clockwise. After obtaining the rotation limit, the rotation
of an object is computed using smoothing. The equation for computing the rotation of an object is
as follows:

ri =


3, for Davg ≤ Dmin
(3−1)(Dmax−Davg)

Dmax−Dmin
+ 1, for Dmin ≤ Davg ≤ Dmax

0, otherwise

where ri is the index of the rotation, which is one of the inputs to the view synthesis network;
ri ∈ (0 ∪ [1,3]). The corresponding angles of rotation are 0◦ and [5◦, 15◦], and Davg is the average
depth of an object. The values of Dmax and Dmin depend on the range of the predicted depth map. In
general, Dmax = 2.5 and Dmin = 0.8, and both are restrictions for ignoring objects that are either too far
or too close.

3.4. View Synthesis of Objects

We only retained the disocclusion-aware AFN (DOAFN); we discarded the visibility map after
training, which makes the network synonymous with the AFN, and modified some parts to fit our
model. In addition to the visibility map, the differences introduced in using the DOAFN were that we
changed the size of the rotation input from 17 × 1 × 1 to 3 × 1 × 1 and used bicubic sampling on the
appearance flow.

One of the limitations of previous view synthesis networks [17,18,20] is that the trained model of
the network is only for one object category. For example, if we train the network using the training data
of cars, we cannot apply the trained model to the testing data of chairs. This is due to the complexity
of the task of view synthesis, which usually requires 360◦ views to be generated using the input view.
However, in our model, we rotate objects from the left-eye view to the right-eye view, which means
that the object views change by only a few degrees and always rotate clockwise.

In the DOAFN, the size of the rotation input is 17 × 1 × 1, which is a one-hot array representing
angles from 20◦ to 340◦ with an interval of 20◦. For example, [0, 1, 0, 0, . . . 0] represents a 40◦ rotation.
However, in our model, we use a 3 × 1 × 1 array, representing angles from 5◦ to 15◦. Because of the
relatively small difference between the left-eye view and the right-eye view, not only did we reduce the
range of rotation, but we also lessened the interval from 20◦ to 5◦, which produces subtler changes. In
addition, we were not required to consider negative degrees, such as −15◦ or 345◦, which is a benefit of
the property of clockwise rotation. These changes reduce the complexity of view synthesis and allow
the training of various categories of objects at the same time. Our model is trained with 38 categories of
indoor objects from the ShapeNet [29], including beds, benches, bookshelves, chairs, sofas and tables.
The total number of objects in the training data set is 8233.

When we applied the trained model with our modified AFN to the objects segmented from the
input image, the rotation index ri was sent into the one-hot array using linear interpolation, as follows:

xbric = 1− (ri − bric), xbric+1 = 1− xbric,
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where xbric and xbric+1 are elements in the one-hot array. For example, if ri = 1.8, the one-hot array
will be [0.2, 0.8, 0], which represents 9◦ ((5 × 0.2) + (10 × 0.8) = 9). Thus, the degrees of rotation
are consecutive.

In the DOAFN, a differentiable sampling layer was observed following the appearance flow
output. These layers are the kernels of the network. The appearance flow is a two-channel map that
represents the correlation between pixels in the target view and in the input view, as presented in
Figure 4. Figure 4a shows the input view of the objects, Figure 4b shows the RGB (red-green-blue)
image of the appearance flow for visualization, and Figure 4c shows the target view of the objects
generated using the input view and appearance flow. Following the appearance flow, the network can
use bilinear sampling to sample pixels from the input view and then generate a new view. The bilinear
sampling [17,20] equation is as follows:

Ii, j
t =

∑
(h,w)∈N

Ih,w
s max(0, 1−

∣∣∣∣Fi, j
y − h

∣∣∣∣)max(0, 1−
∣∣∣∣Fi, j

x −w
∣∣∣∣)

where Ii, j
t is the target view, Ii, j

s is the input view, (i, j) are the coordinates of the pixel in the target view,

and (h, w) ∈ N represents its four neighbors. Fi, j
x and Fi, j

y indicate the x and y coordinates of a target
location (i, j) in the appearance flow F. When the DOAFN is trained, this operation is converted to
the differentiable sampling layer that efficiently computes time. More importantly, it is differentiable,
which benefits the gradient descent in learning the neural networks.
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Figure 4. (a) The input view of the objects, (b) the RGB image of the appearance flow for visualization,
and (c) the target view of the objects.

A problem with the DOAFN is that it is designed for 256 × 256 images, which is usually too small
a size for objects in a photo. In contrast to the depth map, objects segmented from the image have
many high-frequency regions. The resulting image is blurred if we directly upscale the output of
the network. Thus, we maintained the differential sampling layer because of its advantages during
training. However, when we applied the trained model to the object, we extracted the appearance flow
from the network and then upscaled it to the size of the input object. Subsequently, we used bicubic
sampling to generate a new view.

The bicubic sampling [25] equation is as follows:

It(x, y) =
3∑

i=0

3∑
j=0

Is(x′i, y′ j)W(x− x′i)W(y− y′ j)

(x′, y′) = Fx,y

where Fx,y is the value of coordinates (x, y) in the appearance flow, which is a tuple of the correlated
location in source image Is; source image Is is the input object of the original size; It is the new view
(i.e., the rotated object); coordinates (x′i,y′ j) represent 4 × 4 neighbors of (x′,y′) for i, j = 0, 1, 2 and
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3; and W is an interpolation kernel function. The resulting image using bicubic sampling is clearer
and sharper than that using direct upscaling. The results of rotating objects segmented from the input
image are presented in Figure 5.
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3.5. Right-Eye View Generation and Inpainting

After rotating the objects, we combined them with their own translations and the background
image to generate a right-eye view. We eroded the objects because of noise produced by the view
synthesis network along the edges of the rotated objects. This also made the missing regions larger.
We used an inpainting technique to solve this problem.

We chose an inpainting method, proposed by Kawai et al. [30,31], which is based on patch
matching and considers brightness changes, the spatial locality of textures, and symmetric patterns. A
preliminary result is presented in Figure 6a. Blurring was still evident along the edges of the objects. To
improve the effect of image inpainting, we modified the method proposed by Kawai et al. in two parts.
In their method, before iteratively searching patches in the image to minimize the energy function,
Kawai et al. randomly set the initial values of missing regions. Instead of this, in the first part, we used
the result inpainted using the method of Telea [32] as the initial image. This reduced the computation
time of iterations and improved the inpainting quality. The second part of our improvement involved
using a reference image. Kawai et al. set the range of patch-searching as the data in the image excluding
missing regions. This is an intuitive and efficient strategy in general image inpainting. In our model,
most of the information of the generated right-eye view can be extracted from the left-eye view. Thus,
we could limit the searching region to the left-eye view; we treated the left-eye view as a reference
image to increase the probability of finding similar patches. The result using our improved inpainting
method, which fixes most blurred regions and artifacts, is presented in Figure 6b.
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4. Results

We conducted several experiments on images from the Middlebury 2014 data sets [33]. We
compared the results obtained from our model with those obtained using the conventional warping
method, and discussed the advantages and limitations of our model. To clearly understand our model,
we experimented with different components. The conventional warping method warps each pixel
in the input image and then inpaints the result using the method proposed by Telea [32]. Due to the
inaccuracy of the PSPNet labels on objects for the Middlebury 2014 datasets, in our model, we used
manual labels and the method of Kawai et al. [30,31] for inpainting.

We used an Nvidia GeForce GTX 1080 GPU and an Intel® Core™ i7-7700 CPU with a 3.60 GHz
Octa-core. Our environments required 2 to 3 min to process a 500 × 500 image with two objects. The
most time-consuming part was the inpainting step because this step used the iteration technique and
cannot be parallelized through the GPU. In addition, the computation cost was proportional to the
number of objects and painted regions in the image. Although the input image size is not limited in
our model, it is correlated with the computation time because of the number of iterations of inpainting.
The number and the size of objects in the image also affected the computation time of bicubic sampling.

4.1. Quantitative Evaluation

The Middlebury 2014 data sets consist of 33 data sets of various scenes. Each data set contains
imperfect and perfect pairs of stereo images under the default setting, and under different illuminations
and exposures. The imperfect and perfect pairs are the stereo images with and without calibration
errors, respectively. In addition, 23 of these datasets have calibration information, such as for baseline.
We selected five imperfect and five perfect pairs under the default setting from these 23 data sets as the
input images for the quantitative evaluation. The baseline b is from the calibration information, and
we selected the focal length f that produces the result that is most similar to the ground truth.

The structural similarity (SSIM) index [34,35] is sensitive to nonstructural geometric distortions
such as translation, rotation and scaling [36]. In our model, we emphasized the rotation of objects
to enhance the stereoscopic sense. We used the complex wavelet SSIM (CW-SSIM) index [36] in this
experiment because it is not affected by enhanced rotation and focuses on the SSIM between two
images. The CW-SSIM is an extension of the SSIM to the CW domain. A higher CW-SSIM index
indicates higher similarity in two images. Let cx =

{
cx,i

∣∣∣i = 1, . . . , N
}

and cy =
{
cy,i

∣∣∣i = 1, . . . , N
}

be two
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sets of coefficients of the two images in the complex wavelet transform domain, respectively. The
CW-SSIM index is given by

S̃(cx, cy) =

2

∣∣∣∣∣∣ N∑
i=1

cx,ic∗y,i

∣∣∣∣∣∣+ K

N∑
i=1

∣∣∣cx,i
∣∣∣2 + N∑

i=1

∣∣∣cy,i
∣∣∣2 + K

where c* is the complex conjugate of c and K is a constant.
The CW-SSIM indices are presented in Table 1. Our model obtains the highest average CW-SSIM

index, which implies that it better retains the structure when enhancing the effects of rotation. Moreover,
the average value of perfect-pair images is lower because the images are relatively complicated; the
average value of imperfect-pair images is higher because the images are relatively simple. The images
of this experiment are presented in Figures 7 and 8.

Table 1. Average values of imperfect- and perfect-pair images.

Warping Our Approach

CW-SSIM

Imperfect Pair 0.9341 0.9564

Perfect Pair 0.8477 0.8492

Imperfect Pair & Perfect Pair 0.8909 0.9028
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Figure 7. Imperfect-pair images using warping and our model. From top to bottom, these are recycle,
motorcycle, adirondack, shelves and bicycle1.
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piano, jadeplant, backpack and mask.

4.2. Qualitative Evaluation

Herein, we present the results of various images. We used our model for the images from the
Middlebury 2014 data sets. In these images, we used blue and red boxes to indicate our advantages
and limitations, respectively.

Figure 9 presents the results of piano. We eroded the objects to eliminate the noises along the
edges caused by modified AFN and bicubic sampling. Therefore, during inpainting, artifacts may
sometimes be produced in the thin parts or along the edges, as indicated in the red boxes. These
structural distortions are the reason our model obtains a lower CW-SSIM index than conventional
warping does. Because of the consistency of the translation of pixels in an object, the results of our
model are better than other approaches, as indicated in blue boxes.



Appl. Sci. 2020, 10, 3101 12 of 15
Appl. Sci. 2019, 9, x FOR PEER REVIEW 12 of 15 

 

Figure 9. Comparison of the results obtained using (a) warping and (b) our model. 

Because all methods use the predicted depth map, the results may be poor if the depths are 
inaccurate, especially when the baseline is large and the objects are close to the eyes, as presented in 
Figure 10 (jadeplant). Thus, all these methods obtain low CW-SSIM indices. Also, human eyes 
cannot focus on objects in images when viewing stereo images of this type. The results of our model 
maintain the structure in the blue box. 

 

Figure 10. Comparison of the results obtained using (a) warping and (b) our model. 

Figure 11 shows that in the result using conventional warping, the tires of the motorcycle are 
obviously distorted. By contrast, our model produced a better result with a more complete structure. 
However, in the red box, an artifact occurred after inpainting because of failed patch matching. 

 

Figure 11. Comparison of the results obtained using (a) warping and (b) our model. 

Figure 9. Comparison of the results obtained using (a) warping and (b) our model.

Because all methods use the predicted depth map, the results may be poor if the depths are
inaccurate, especially when the baseline is large and the objects are close to the eyes, as presented in
Figure 10 (jadeplant). Thus, all these methods obtain low CW-SSIM indices. Also, human eyes cannot
focus on objects in images when viewing stereo images of this type. The results of our model maintain
the structure in the blue box.
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Figure 10. Comparison of the results obtained using (a) warping and (b) our model.

Figure 11 shows that in the result using conventional warping, the tires of the motorcycle are
obviously distorted. By contrast, our model produced a better result with a more complete structure.
However, in the red box, an artifact occurred after inpainting because of failed patch matching.
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As shown in Figure 12, in the red boxes, because of the limitation introduced by erosion, the
handle of the basket is thinner in our results. In addition, the rightmost area in this image, which
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includes parts of the basket, cannot be observed in the input image (i.e., the left-eye view). Thus, we can
conclude that both conventional warping and our model cannot generate this area well. Nevertheless,
our model produces better results than other approaches in representing the structure of other objects.
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5. Conclusions

We proposed a model that considers both the translation and rotation of objects in a scene to
generate stereo images from a single image. Our results are more stereoscopic than those using
traditional warping. They also maintain the structure of objects and obtain a higher CW-SSIM index
because we converted the scope of this task from that of a scene to that of objects. The results of our
model also outperform those of methods that use conventional warping. In addition, our model does
not limit the size of the input image.

In our results, artifacts could have occurred in the thin structure or along the edges of objects
because of the inaccuracy of the depth map and labels in some situations; in the future, this can be
resolved by using better networks. It is better to use an instance segmentation network, especially for
object segmentation in an image, even though it is a difficult and complex network to use and current
studies on them are insufficient.
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