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The fields of architecture and urban planning widely apply spatial analysis based
on images. However, many features can influence the spatial conditions, not all of
which can be explicitly defined. In this research, we propose a new deep learning
framework for extracting spatial features without explicitly specifying them and
use these features for spatial analysis and prediction. As a first step, we establish
a deep convolution neural network (DCNN) learning problem with

omnidirectional images that include depth images as well as ordinary RGB
images. We then use these images as explanatory variables in a game engine to
predict a subjects’ preference regarding a virtual urban space. DCNNs learn the
relationship between the evaluation result and the omnidirectional camera
images and we confirm the prediction accuracy of the verification data.
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INTRODUCTION

The fields of architecture and urban planning widely
apply spatial analysis based on images. Examples in-
clude the use of the sky-view factor [1] to indicate
the amount of sky visible and the green view rate
(Takeshi et al. 2013, Yakui et al. 2016) to indicate
the amount of green space visible to observers. Gen-
erally, when using images to analyze and evaluate
spaces, we tend to think that it is necessary to ex-
tract meaningful calculable indices from the images.
However, many features might influence the spatial
conditions, not all of which can be explicitly defined.
Even if some can be defined, extracting those fea-
tures from images is a laborious task. To date, there is
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no analysis method with which we can quickly eval-
uate spatial designs and efficiently analyze large im-
age databases, such as Google Street View, 3D in-
terior images by Matterport [2], or the MIT Places
Database [3].

Currently, deep learning techniques are attract-
ing much attention for their ability to automatically
extract features from raw data. Of these techniques,
the deep convolution neural network (DCNN) has ex-
panded the application of deep learning by signifi-
cantly improving the accuracy ofimage classification,
as compared with conventional methods that use ex-
plicit features. In this research, we use DCNNs in a
spatial preference evaluation based on images.



General spatial images are considered to be insuf-
ficient as spatial analysis data. This is because the
spaces themselves are three-dimensional, whereas
images are two-dimensional. A photographed scene
will change depending on the direction of the cam-
era, and not all areas in the scene can be captured by
the camera in one image. However, omnidirectional
cameras have become available that can record all
the information surrounding the shooting point (so-
called first-person viewpoint) and, in this research,
we utilize omnidirectional images for image analysis
and learning.

Our next consideration is that the features ac-
quired from images tend to be mainly related to
color and texture. However, in the world of spa-
tial analysis, methods for analyzing geometric fea-
tures, such as spatial spread, as typified by the iso-
vist concept (Benedict 1979), have long been used.
Understandably, the computer graphics modeling
procedure considers spatial characteristics to be in-
fluenced by both the geometric features of objects
within that space as well as the color and texture fea-
tures. Therefore, although these features should be
handled in a unified manner, they are handled sepa-
rately due to their different analysis methods. Also,
it is difficult to acquire geometric spatial informa-
tion and then match it with color and image informa-
tion. Today, laser scanner and infrared sensor tech-
nologies are being developed for acquiring spatial
depth information. Furthermore, the development
of structure-from-motion techniques (Westoby et al.
2012) is advancing, in which 3D surfaces are recon-
structed from plural views, so the above difficulty is
being addressed. Although these techniques are still
in development, the creation of three-dimensional
data that once required intensive labor and advanced
expertise will become easier as these technologies
mature.

In this research, we propose a new framework
that uses deep learning to extract spatial features
without explicitly specifying them and then uses
these features for spatial analysis and prediction.
First, we defined a DCNN learning problem with om-

nidirectional images that include depth images as
well as ordinary RGB images. We used these images
as explanatory variables in a game engine to pre-
dict subjects’ preferences regarding a virtual urban
space. To do so, we conducted preference evaluation
experiments using virtual reality (VR) with multiple
subjects, used DCNNs to learn the relation between
the evaluation result and the omnidirectional cam-
eraimages, and confirmed the prediction accuracy of
the verification data. If we can successfully solve this
problem, we believe that our proposed framework
will also be effective in the analysis of more compli-
cated and realistic spaces.

Past studies that have applied deep learning to
landscape evaluation include those by Yabuki et al.
(2015) and Abe et al. (2016). In contrast to our
work here, these studies used pre-trained models
with genericimages stored in the MIT Place Database
rather than omnidirectional images and depth infor-
mation. Returning to the isovist concept, a 3D iso-
vist was developed in recent years (Derix et al. 2008,
Morello and Ratti 2009, Varoudis and Psarra 2014).
However, complicated geometric calculations are re-
quired to obtain this 3D isovist, so there are associ-
ated difficulties with its implementation and slow cal-
culation speed. In this research, we are able to di-
rectly acquire depth information images with high
speed and accuracy that correspond to a 3D isovist
from the z-buffer of a GPU. Furthermore, although
Batty (2001) proposed indices for 2D isovists, the
shape of a 3D isovist can become complicated, so
those features alone may not be sufficient to describe
the characteristics and it is difficult to explicitly define
other features. In this research, we use a novel ap-
proach in which we apply a deep learning automatic
extraction method of feature quantities.

The remainder of this paper is organized as fol-
lows. In the next section, we propose our evaluation
system. Next, we describe our preference evaluation
experiments and the DCNNs we use for learning. Fi-
nally, we present our results and conclusions.
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Figure 1

3D model of the
study area
(Japanese Naniwa
City) [5]

Figure 2
Candidate
observation points
(black dots) and
those used for
evaluation (green
dots).

SPATIAL EVALUATION SYSTEM BASED ON
A GAME ENGINE

In this research, we use the popular Unity [4] game
engine as the foundation of our 3D space evalua-
tion system. In addition to its good operability in 3D
space, this game engine can efficiently measure var-
ious kinds of spatial information through its applica-
tion programming interface (API) and has improved
real time rendering. Therefore, it is reasonable to use
this game engine as the basis for our spatial evalua-
tion system, the details of which we describe below.

Spatial data

Zenrin Co. Ltd., a Japanese map production com-
pany, released the ZENRIN City Asset Series [5], which
contains the assets of Unity’s 3D spatial data. Based
on actual measurement data of urban spaces in
Japan, this asset comprises lightly arranged textures
for games, and can be used as a real spatial model.
We used the Namba area of Osaka City (Japanese
Naniwa City) as the study space to be evaluated. The
area centered in Namba spans a range of about 700
m east-west and about 600 m north-south, as shown
in the model in Figure 1.

In the preference evaluation experiment, since
we asked subjects for their spatial preferences when
looking at the city from pedestrian walking areas, we
needed to measure the spatial characteristics of each
place.

For pedestrian pathways on roadways, we con-
sidered the center of the sidewalk (if a sidewalk was
present), both sides of the road if there was no side-
walk and the road was wide, and the center of the
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road if there is no sidewalk and the road was narrow.
Then, we set observation points along those path-
ways at 5-m intervals, for a total of 2,029 observation
points (black dots in Figure 2). Since it would be too
laborious to conduct a preference evaluation experi-
ment using all these points, we randomly selected 50
points, as illustrated by the green points in Figure 2,
and used them as observation points in our prefer-
ence evaluation experiment.

Extraction of spatial features

When extracting the features of each observation
point, we considered both the textural and geomet-
ric features of the space around each observation
point. Using Unity’s omnidirectional camera asset,
Spherical Image Cam [6], we created a script to cap-
ture and store omnidirectional images at each ob-
servation point in real time. In addition, we asked
the author of this asset to modify it so that we could
also take omnidirectional images of depth informa-
tion from the camera in real time from the z-buffer of
a GPU.

; —_—T
Normally, omnidirectional images are outputted
as an equirectangular projection map with a
height/width aspect ratio of 1:2. Due to the data
input limitations in a CNN, when using images for
learning and validation, we outputted them as re-
duced images in a square of 256 x 256 pixels.



We output the depth information as a one-channel
grayscale image. When creating a depth image, the
original depth information in a z-buffer must be cut
by a certain distance value to fit it within the range of
the pixel values. In this paper, we omit depth images
and call them D images. Then, we created an RGBD
image from a pair of omnidirectional RGB and D im-
ages taken at the same observation point and angle.
Figure 3 shows examples of RGB and D images before
being reduced in size to a square.

In the D images, pixels whose distances are
closer to the viewpoint are whiter and those farther
away are blacker. As we can see from the figure, in
an equirectangular projection map, the lateral width
of an object is enlarged and distorted from the top or
bottom of the image.

Construction of the preference evaluation
experiment system

Since we used omnidirectional images as learning
data, it was necessary to evaluate subject preferences
regarding the whole space visible from each obser-
vation point. For this purpose, we used a head-
mounted display (HMD) of the Oculus Rift as an inter-
face for conducting our preference evaluation experi-
ment (see Figure 4). If we run a Unity application with

an HMD and an ordinary camera instead of an omni-
directional camera, users can experience the immer-
sive feeling of 3D space without any complicated set-
ting. We customized Unity so we could move interac-
tively between the 50 observation points of our pref-
erence evaluation experiment and input the evalua-
tion value of each point. Figure 5 shows an example
of a screen shot at a certain evaluation time, in which
we overlaid the number of the observation point and
the evaluation value in virtual space to facilitate our
evaluation.

DCNNs

Of the several implementation techniques in the
deep learning library, we used Chainer [7], which is
popular in Japan. In the sample files of Chainer, a
Python script train_imagenet.py is available for learn-
ing with DCNNs. This is an image classification script
for the main 1000 kinds of objects included in the
large image database ImageNet. We customized this
script to suit our purpose. For our DCNNs, we used
AlexNet (Krizhevsky et al. 2012) and GooglLeNet with
batch normalization (Szegedy et al. 2015). AlexNet
consists of five convolution layers and three layers
that are all connected. GooglLeNet comprises much
deeper layers. The classification error for the 1000
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Figure 3

Example of
omnidirectional
images at the same
observation point:
(upper) RGB image
and (lower) D image

Figure 4

Preference
evaluation
experiment with VR



Table 1

Summary of
evaluation values
for each subject

Figure 5

A screen shot
presented in our
preference
evaluation
experiment

classes in Imagenet with GooglLeNet is less than that
with AlexNet. Since we used depth images from one-
channel and RGBD images from four channels as our
training data, in addition to the normal 3-channel
RGB images, we corrected the input part of the script
image data from the original three channels. In ad-
dition, as we see later, since we solved the problem
of the two-class classification, we reduced the num-
ber of output nodes of the final layer from the original
one thousand to just two. The padding and stride pa-
rameters of the DCNNs are the same as those of the
original.

PREFERENCE EVALUATION EXPERIMENT

In our preference evaluation experiments, our sub-
jects included eight college and graduate students
majoring in constructions engineering. The subjects
were instructed to make intuitive judgments with
respect to four levels: 1 (poor), 2 (slightly poor), 3
(slightly good), and 4 (good). Table 1 shows the eval-
uation value distribution for each subject in the pref-
erence evaluation experiment. Two of the subjects
had evaluation values of roughly 2. We averaged all
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the evaluation values at each point and obtained a
maximum average of 3.9 and a minimum of 1.4. Fig-
ures 6 and 7 show images of the points with the high-
est and lowest evaluation values, respectively. Three
places received the lowest evaluation values, and we
show one of them. When comparing these places, we
found them to differ with respect to their geomet-
ric features, such as the degree of spatial visibility,
and their textural features, such as landscape plant-
ing and stone sidewalks. Therefore, as explained in
the introduction, we consider the geometric and tex-
tural features to be related to spatial evaluation re-
sults.

Evaluation value

Subject 1 2 3 4  Ave.
A 27 15 8 0 1.1
B 17 17 8 8 1.2
C 1 22 24 3 2.8
D 6 23 13 8 22
E 7 23 16 4 25
F 20 20 7 3 1.5
G 15 17 10 8 1.8
H 13 13 14 10 3
Ave. 13.3 188 125 5.5 2.0




point, as shown in Figure 8, we rotated the camera Figure 6

from 0-340 degrees in 20-degree increments with re- Images of the point
spect to the vertical axis, and generated 18 images with the best

for each of the RGB and depth images. As such, for evaluation (Ave. =
the 50 points, we prepared 900 images for each type 3.9)

of image.

Next, these images are divided for learning and
verification data. Since it seems to be difficult to clas-
sify to 4 classes because the number of images with
an evaluation value of 4 is a little as listed in Table 1,
we simplified it to the classification problem with two
classes where the evaluation values 1 and 2 belong to
Class 0 and the evaluation values 3 and 4 are belong
to Class 1. Table 2 lists the number of observation
points in the case of two class classification. In con-
sideration of the ratio of each class, the points were

randomly divided for each subject so that the data for Figure 7

learning and verification are approximately 3:1 (Table Images of one of
3). Therefore, the image data set of an observation the points with the
point appears only in the data set for learning or veri- worst evaluation
fication. Through the above procedure, a total of 900 (Ave. =1.4)

image data were divided into 666 images for learning
and 234 images for verification.

Learning was performed for three types ofimage
data: RGB, depth, and RGBD images. We set the mini-
batch size for learning to 32. We conducted prelimi-
nary learning, and set the number of learning times
(number of epochs) to 40 epochs for AlexNet and
20 epochs for GooglLeNet. The learning error of the
learning data converged almost to 0 in both cases.

Evaluation value: Class Table 2

LEARNING DCNNS Subject 1 0r2: Class 0 3 or 4: Class 1 Number of
In this section, we described the DCNN learning pro- A 42 8 observation points
cess with images and evaluation data. B 34 16 for each class

C 23 27
Preparation of data D 29 21
First, using Unity, we took images to be used for E 30 20
learning from each observation point. When dealing F 40 10
with images in deep learning, data is artificially in- G 32 18
creased by enlarging and rotating a part of an image, H 26 24

which adds noise. In this study, for each observation
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Figure 8

A set of images
generated for
learning and
validation by
rotating 20 degrees
at the same
observation point
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Results

Based on the above setting, the DCNN learned us-
ing three kinds of image data sets for each subject,
and for verification, we applied the data sets to the
obtained model to examine their error rates. Tables
4 and 5 list the error rate for each DCNN. Overall,
GoogLeNet tended to have a lower error rate than
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AlexNet.

GoogLeNet is a more recent DCNN than AlexNet and
is known to have better classification performance for
general images, and our results are consistent with
this. Next, we found that the error rate differs greatly
depending on the subjects. Comparing the evalua-
tion values listed in Table 1 for subjects F and G, who



had a particularly low error rate, with subjects C and
E, who had a large error rate, the subjects with small
error rates have low average evaluation values of be-
tween 2 and 3.

Learning data Validation data

Subject Class0 Class1 Class0 Class1
A 31 6 1 2
B 25 12 9 4
C 17 20 6 7
D 22 15 7 6
E 22 15 8 5
F 30 7 10 3
G 24 13 8 5
H 19 18 7 6
Subject RGB D RGBD
A 0.36 0.14 0.24
B 0.23 0.32 0.31
C 0.48 0.53 0.42
D 0.23 0.18 0.22
E 0.40 0.32 0.47
F 0.14 0.13 0.17
G 0.11 0.05 0.03
H 0.36 0.38 0.28
Ave. 0.29 0.26 0.27
Subject RGB D RGBD
A 0.29 0.25 0.21
B 0.20 0.32 0.20
C 0.45 0.43 0.46
D 0.19 0.12 0.10
E 0.36 0.42 0.42
F 0.04 0.12 0.01
G 0.14 0.03 0.09
H 0.23 0.29 0.27
Ave. 0.24 0.25 0.22

As such, when the evaluation value near the prefer-
ence boundary is large, the error rate is considered
to be large. In addition, the error rate of the model

for depth images with only one-channel information
is the smallest in AlexNet, and even in the case of
GoogLeNet, there is not much difference compared
with the models of other data sets. This is a significant
point-a depth image has less information than an
RGB image, but the DCNN has constructed a model
with depth images comparable with or superior to
the model learned with RGB images. However, the
error rate tends to differ for each person. The depth
image models of subjects A, D, and G have lower er-
ror rates than the RGB-image models. On the other
hand, the model learned with RGB images of subject
B has a lower error rate than the depth image model.
Thus, a DCNN seems too simple to precisely model
human spatial cognition, butitis sufficient for consid-
ering the different weights of geometric and textural
features for the spatial evaluation of each person.

Overall, we found the error rate of the
GooglLeNet model using RGBD images to be the low-
est. There is a possibility for constructing a spatial
evaluation model with higher precision by a DCNN
by integrating color and textural information with
geometric information.

DISCUSSION

In this research, we addressed the problem of pre-
dicting spatial preference and confirmed that a
DCNN can learn from omnidirectional images with
some degree of accuracy. Since this method auto-
matically extracts features from complex spaces, we
believe that the framework of this research can be
widely applied to fields dealing with spatial features.
For example, this framework might be used to pre-
dict how often actions and events are likely to be
triggered by certain spatial features. In the past, we
built a model to estimate the location at which urban
street crimes are likely to occur (Takizawa 2013). Dur-
ing this research, it took a long time to create detailed
street space data, such as the areas of each build-
ing’s wall openings as viewed from each observation
point on the street. The framework used in this re-
search can be expected to efficiently and highly ac-
curately analyze a large amount of 3D spatial infor-
mation from the first-person viewpoint.
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Table 3

Number of
observation points
for each dataset
and class

Table 4

Error rate of the
validation dataset
for each subject by
AlexNet

Table 5

Error rate of the
validation dataset
for each subject by
GoogleNet



However, further basic research is necessary prior to
any full-scale applications. To clarify what kinds of
spatial features DCNNs can extract from omnidirec-
tional images, we can use visualization methods such
as Grad-CAM [8]. We must also improve model accu-
racy. In this study, we performed learning and veri-
fication using data from only 50 observation points.
However, since the sampling data of the study space
was more than 2000 points, in principle, more data
can be used for learning. However, it is not easy to
increase the number of points for preference evalu-
ations due to evaluator fatigue. Therefore, to com-
press high-dimensional spatial information to a low
dimension, we could use an auto encoder, which can
perform learning without objective variables, and
then use that information as an explanatory variable.
Furthermore, since the lateral distortion of shapes
in an omnidirectional image increases with greater
widths, there is a possibility that the convolution of
the square area of DCNNs is not appropriate. There-
fore, we plan to develop a new method that can di-
rectly convolve a spherical surface, rather than pro-
jecting a spherical image onto a plane.

CONCLUSIONS

In this study, we used a CG model of a street in Os-
aka to capture omnidirectional images of observa-
tion points, including depth images, conducted a
VR preference evaluation experiment using 50 street
observation points, and learned the data using two
types of DCNNs. Our results show that the model er-
ror rate was lowest for RGBD images, which suggests
the necessity of a new spatial evaluation method
that integrates color/texture and geometric features.
Since this method automatically extracts features
from complex spaces, we believe the framework used
in this research can be widely applied to fields deal-
ing with spatial features, although further basic re-
search is necessary prior to full-scale applications.
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