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A new method is proposed to improve diminished reality (DR) simulations to
allow the demolition and removal of entire buildings in large-scale spaces. Our
research goal was to obtain optical integrity by using a scientific and reliable
simulation approach. Further, we tackled presumption of the texture of the
background sky by applying deep learning. Our approach extracted the
background sky using information from the actual sky obtained from a
photographed image. This method comprised two steps: (1) detection of the sky
area from the image through image segmentation and (2) creation of an image of
the sky through image inpainting. The deep convolutional neural networks
developed by us to train and predict images were evaluated to be feasible and
effective.
Keywords: Diminished Reality, Optical Integrity, Deep Learning, Augmented
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INTRODUCTION
Augmented reality (AR), which gives extended information to a real scene, has received a lot of attention in on-site architectural design study and landscape assessment. In urban design or construction
projects, AR can help build consensus on urban or architectural design in the early design stages because
it can simulate full-scale future view after construction and show new structures realistically in terms of
their scale and surroundings (Schubert et al., 2015).
Another advantage of AR is that it eliminates the
need to create three-dimensional (3D) models of the
surrounding environment, leading to a reduction in
3D modeling time and cost (Fukuda et al., 2012).
However, the existing AR approaches cannot correctly simulate views after the demolition and re-

moval of exterior structures. This is because a 3D virtual model of a new structure will overlap the existing structure, which should be removed in the webcam image. As a result, part, if not all, of the structure
will still be visible and displayed. In such cases, the
problem can be solved by adopting diminished reality (DR). DR is a technique that visually deletes the
existing object and superimposes the background
image of the removal target area. Generally, however, when using DR, it becomes diﬃcult to obtain
the background image for a large-scale urban or architectural space where the entire building is to be
removed because the background is wide and the
shape is complicated.
Yabuki et al. (2014) suggested developing a DR
system for a large-scale space using point cloud data.
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Figure 1
Overview of the
proposed DR
system

In this system, the 3D virtual model of the background would be created using a 3D laser scanner.
Inoue et al. (2016) proposed a method for creating
a 3D model of the background by photogrammetry
in advance and realizing DR for a large-scale space
at less time and cost. However, three issues with
this technique stand in the way of realizing optical
integrity. First, this system cannot create the background sky in advance because the sky varies from
moment to moment. Second, it is impossible to remove the cast shadows of the demolished target objects. Third, when the background image is superimposed, the pasted area in DR was perceived by users
due to an obvious edge.
This research proposes methods to improve DR
simulation for a large-scale space where an entire
building is to be removed. Our research goal is to
realize a scientiﬁc and reliable simulation approach
with achievement of optical integrity. Thus, we focus
on presumption of the texture of the background sky
in this study (Figure 1).
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PRESUMPTION OF BACKGROUND SKY
TEXTURE USING DEEP LEARNING
For presuming the background sky, this research focuses on image inpainting technology (Telea 2004).
Image inpainting involves ﬁlling in the missing pixels
of an image automatically by presuming them from
the surrounding pixels. For image inpainting, it is
necessary to specify the area to be used for presuming. In this case, the sky area should be detected from
the image captured by the webcam for DR. There
are three kinds of approaches to detecting a particular area from the image: using an average and standard deviation of pixel values (Fijita 2006), using a
depth map (Zhang et al. 2010), and using machine
learning (Badrinarayanan et al. 2017). Of these, machine learning methods known as semantic segmentation enable robust object recognition by using various training images, without any special equipment.
Therefore, this research selected a machine learning
method for image segmentation.

Figure 2
Structure of
Sky-DetectNet

Figure 3
Correspondence
between pooling
and upsampling

Figure 4
Ideal output
example by
Sky-DetectNet
(created by Adobe
Photoshop CS4)
Figure 5
Image inpainting
example

Our approach presumes the background sky from
the sky that appears in the photographed image.
This method comprises two steps: (1) detecting the
sky area from the image using image segmentation
and (2) creating the sky image using image inpainting.

works (hereinafter referred to as Sky-DetectNet) that
train and predict images are developed based on
SegNet (Badrinarayanan et al. 2017). Sky-DetectNet
is structured in layers; each layer is composed of an
encoder network and a corresponding decoder network (Figure 2). The input data for Sky-DetectNet are
images deﬁned in the RGB color space. Batch normalization is applied to normalize outputs from all convolution layers (Ioﬀe and Szegedy, 2015). Rectiﬁed
Linear Unit (ReLU) is used for the activation function.
The space size of the ﬁnal output result is decided according to the number of classes to be classiﬁed. In
the learning process, the output result is normalized
by the SoftMax function. Sky-DetectNet takes an image deﬁned in the RGB color space as input data.
The ﬁrst half-layer of Sky-DetectNet is an encoder network, and it comprises eight convolution
and three pooling layers. Using VGG (Visual Geometry Group) results as a reference, we developed this
structure such that the size of the processed data array is reduced two-fold by the pooling layer after two
or three superposed convolution layers (Simonyan
and Zisserman 2015). All convolution layers have a
3 × 3 ﬁlter and a fold in stride 1 and padding 1 to
ensure the space size remains unchanged in these
layers. However, the number of channels increases
in accordance with the depth, 16, 16, 32, 32, 32, 64,
64, 64, in order, starting from the front layer. The
pooling layer has 2 × 2 spatial windows, and stride
2 is performed such that space size is reduced twofold by max-pooling without overlap. The index used
for max-pooling is recorded and then used in the decoder network.

Detecting the sky area from the image using
image segmentation
A machine learning method is adopted for image
segmentation. Our deep convolutional neural net-
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The position information may be lost because of
the decrease in the space size during pooling. In
FCN (Fully Convolutional Network) and other similar methods, position information is held prior to
pooling and sub-sampling is performed (Long et al.,
2015). However, in the Sky-DetectNet, pooling occurs only thrice and since the possibility of losing position information is low, sub-sampling in the pooling
layer is not performed.

The second half-layer is a decoder network that comprises four convolution and three upsampling layers.
The role of the upsampling layer was to restore the
previously reduced space size by pooling. The reduced space size exiting the encoder network is expanded in the upsampling layer to return to its original space size before it is passed through one or
two convolution layers. The convolution layers of
the decoder network are in the reverse order compared with the convolution layers of the encoder network. Therefore, the number of channels decreases
to 64, 64, 32, 16, in order, from the previous layer
and followed by folding of stride 1 and padding 1,
which was performed by 3 × 3 ﬁlters. The upsampling
layer increased the space size two-fold using the index recorded in the corresponding pooling layer (Figure 3). During pooling, elements other than index
were set to zero. The pooling and upsampling layers
correspond to the space size, i.e., the indices used in
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the ﬁrst three pooling layers from the front layer are
used in the last three upsampling layers.
The output by Sky-DetectNet is an image in
which the sky area and the non-sky area of the input image are divided. Figure 4 is an ideal output
example. One drawback is that false detection may
occur if pixels other than those of the sky are erroneously detected (i.e., pixels determined to be part
of the sky even when they are not). In this case, the
accuracy of the resultant image by image inpainting method, which will be described later, signiﬁcantly deteriorates, making it necessary to exclude
erroneously detected sky pixels. Therefore, the outputs from Sky-DetectNet are corrected by assuming
that while the output of Sky-DetectNet includes false
detection, most of the pixels are the result of correctly
detected sky. Thus, it can be said that the average of
these pixel values is representative of the pixel value
for the sky area. The average value and the standard
deviation of the hue, brightness, and saturation in
the HLS color space of speciﬁc pixels that are judged
to be the sky are used as reference. Therefore, it is
possible to determine erroneously detected pixels by
comparing their hue, lightness, and saturation values
to that of the known sky pixels.

Creating the sky image using image inpainting
Image inpainting is a technique that uses mask images to estimate noise and missing parts of an image from surrounding pixels (Figure 5). The output by
Sky-DetectNet is used as mask image. Image inpainting was performed using an algorithm previously described in the literature through implementation in
OpenCV (Telea, 2004). Afterward, blur processing is
applied to the output image to create a natural sky
image.

VERIFICATION EXPERIMENT
In this chapter, we describe the results of on-site veriﬁcation on outdoor structures using the DR system
by applying the method described in the previous
chapters.

Figure 6
Plan for veriﬁcation
experiments

Figure 7
Experimental
photograph

Figure 8
Teacher data
example

Figure 9
Sky-DetectNet
learning result

This system was developed using C# programing language through the game engine Unity 5.4.2f2 with
OpenCV for Unity. Unity was not used to implement
the deep-layer neural network for detecting the sky
area. Instead, the deep-layer neural network was
constructed, learned, and estimated using Python
3.5.2 with NumPy, Matplotlib, and Pillow libraries. We
used a standard laptop, SONY VAIO SVS13A1AJ with
Intel Core i7-4500U @ 1.80 GHz of CPU, 4.0 GB of RAM,
with the operating system Microsoft Windows 7 Professional 64-bit. A Logicool HD Pro Stream Webcam
C922 with resolution of HD 1080p was also used.
We implemented a DR system that applied an
optical integrity method with the existing structure
as the veriﬁcation target. The two-story dining hall at
Osaka University (Poplar Street Welfare Center) was
selected as the object for removal, and the nearby
Buildings A and B of the Information Science Department were selected as the hidden backgrounds (Figure 6). The reason for choosing these buildings is that
photographs used for SfM can be taken from multiple
viewpoints. Moreover, facades of structures with hidden backgrounds are distinctive and, therefore, are
easy to recognize when superimposed as the hidden
background image. Furthermore, the sky is included
in the hidden background, and there is a time zone
during which the shadow of the removal target building falls to the front. All veriﬁcation experiments from
the next section were performed at this selected location (Figure 7).

prised an image showing the sky (Figure 8). The corrected image has the sky part of the image in white
and all other parts are painted black.

Detecting the sky area from the image using
image segmentation
Sky-DetectNet was performed using Python 3 without the use of an existing machine learning framework. The initial data set used for the learning network was 450 pairs of images created using Adobe
Photoshop CS 4 and then increased to 2700 pairs
by inversion, smoothening, the addition of Gaussian
noise, contrast adjustment, and application of grayscale. The increased data set was further classiﬁed
into 2160 sets of training data and 540 sets of test
data. The example data given by a “teacher” com-

All images are RGB images resized to 224 × 224 pixel
resolution prior to input to Sky-DetectNet. The challenge is to segment them into two classes: sky and
others. The parameters of the convolutional layers
are initialized using the method proposed by He et
al. (2015). As for the optimizer to update parameters,
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Figure 10
Input images (left)
and the
identiﬁcation result
images (right)

we use Adam (Kingma and Ba 2015), not stochastic
gradient descent (SGD), and a learning rate of 0.01.
We used cross-entropy error for the loss function and
learned the mini batch size to be 8. The results of
learning 30 epochs are shown in Figure 9.
For all test data, the identiﬁcation accuracy for
two-class classiﬁcation was 85%. This accuracy rate
was calculated by taking the average of the ratio of
correct pixels to each image. Estimated processing
of one 360 × 480 image took 422.50 ms by SegNet
(Badrinarayanan et al. 2017) and 317.09 ms by FCN
and using GPU (Long et al., 2015); in comparison, Sky-

DetectNet can achieve a similar processing speed of
426.02 ms with only one CPU operation. Therefore,
Sky-DetectNet can be implemented in DR operating
environments without GPUs, such as laptop computers or tablets. Figure 10 shows a part of the identiﬁcation result image; Sky-DetectNet determined that
the pixels ﬁlled with white were part of the sky and
the pixels ﬁlled with black were not part of the sky.
We observed that, although there were many
white pixels in the sky area, erroneous detection was
present throughout the image. We used dilation
and erosion processing to exclude the areas where
Figure 11
Erroneous
detection
correction by
dilation and erosion
processing
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erroneous detection occurred, which was generally
where the density of the white pixels was low. The dilation process replaced the target pixel with a white
one if there is a white pixel around the pixel of interest, and the erosion process did the same for black
pixels.
Figure 12
Sky detection
results

sky even when it was part of the sky. Therefore, the
detection error was calculated as the ratio of pixels
judged to be the sky when it was not the sky for all
pixels. Since the lower half of the image was judged
not to be the sky, the detection error was measured
using only the upper half of each image. Detection
errors are shown in Figure 13.
The detection error of the proposed method decreased in 7 out of 10 images. Also, there were
cases where there are many erroneous detections
(Figure 13; image F), and there are cases where pixels detected as sky do not exist (Figure 13; image J);
depending on the image, the detection result was
not stabilized (Fujita 2006). Conversely, in the proposed method, stable detection could be achieved
by narrowing down the sky candidate region by SkyDetectNet.

Figure 13
Sky detection error
(%)
It was necessary to specify kernel size, which is the
number of pixels surrounding the pixel of interest.
The output by Sky-DetectNet was dilated with kernel
size 3. After that, it was eroded with kernel size 20
and ﬁnally dilated with kernel size 17 (Figure 11).
Erroneous detection was excluded by several
processing methods performed sequentially. Also, if
the sky area exists above the image, the white pixels
that were present in the lower half of the image were
regarded as erroneous detection and excluded. Figure 12 shows part of the detection result obtained by
this method and the result of detecting the sky by the
method of Fujita (2006) using only the average value
and standard deviation of pixel values.
Detection error was measured by applying the
proposed method and the method of Fujita (2006) to
10 images with randomly selected photos of the sky.
The sky image was restored using image inpainting;
pixels determined to be the sky even when they were
clearly not part of the sky was a larger problem compared with pixels determined to not be a part of the
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Figure 14
Sky image creation
results

Creating the sky image using image inpainting
Image inpainting processing was performed using
both the image input to Sky-DetectNet and the result
image divided into regions in the previous section.
Blur processing was applied to the output image after image inpainting process to create a sky image.
Some of the output results are shown in Figure 14.
In addition, we compared the sky area of the input image to the created sky image by the following
method:
1. Obtain a sky range for hue (HLS color space: H
value) using pixels in the sky area of the input
image.
2. Regard pixels from the output image with hue
values outside the sky range of the input image as mismatched pixels and calculate the ratio of occupying the entire image.
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3. Create a scatter plot from the lightness (HLS
color space: L value) and saturation (HLS color
space: S value) of pixels with values within
the sky hue range of the input image among
all the pixels of the output image. Compare
pixels in the sky area of the input image with
those in the output image.
For the four images shown in Figure 14, the results
of scanning pixels after resizing to 112 × 112 respectively are shown in Figure 15.
The t-test with a signiﬁcance level of 5% was applied to plots for lightness and saturation, a signiﬁcant diﬀerence was observed for saturation (Figure
15 (c)). Statistical matching was diﬃcult because it
involved erroneous detection at the time of sky area
division. In Figure 15 (a), there was a large variation in
saturation, and in Figure 15 (b), the brightness of the
output image was low. As can be seen from Figure 14,

Figure 15
Comparison of pixel
values of input
image sky area (left)
and output image
(right)
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it was thought that information on pixels other than
the sky was also used when creating a sky image because there was false detection present. Conversely,
the pixel value distribution of the output image is biased to a narrow range via the sky area of the input
image (Figure 15 (c)). This may be because only a few
pixels were detected as sky and a small sky area of the
input image was used for image inpainting processing.

CONCLUSION
This research proposes a method to minimize optical inconsistencies that occur when simulating landscape after the targeted structure is dismantled and
removed in a landscape examination by DR. A system
was developed to obtain optical consistency by applying deep neural network to estimate the sky area
of photographed images and hidden backgrounds.
In an architectural design study with landscape simulation by DR, the proposed system allowed the background sky to be accurately estimated and extrapolated.
Future work will examine the removal of the cast
shadows of demolished objects and edge blending
for the pasted area.
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