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Estimation of the temporal changes to a city is useful for city management, disaster recovery operations,
and understanding natural phenomena. When several types of data are available for this task, the op-
timal type should be chosen depending on the changes that need to be detected. However, data of the
desired type are not always available, particularly historical data. In this study, we propose two methods
for detecting changes in a city, which can be used in complement to process available data types and

Keywords: detect changes in selected targets. The first method estimates the presence of buildings by comparing
Change detection street-level images and a 2D city map of buildings created at different points in time. This method uses
StM the Structure from Motion (SfM) technique to reconstruct a point cloud of the structures of the city, and
CNN matches the point cloud with the 3D building structures recovered from its 2D map. While 2D city maps
City-scale are available for most cities, most are not very accurate. Therefore, this method is designed to overcome
\C/iil;li;l!:g imagery these inaccuracies and thus is widely applicable. On the other hand, the method cannot detect the fol-

lowing types of scene change: wall paintings, buildings that were reconstructed and closely restored to
their previous shape, pedestrians, cars, and vegetation. The second method uses a pair of street-level im-
ages that are roughly aligned with GPS data collected at different points in time to detect such scene
changes. This method uses the features of a convolutional neural network (CNN) in combination with su-
perpixel segmentation to address inaccurate image alignment and it also enables change detection with
pixel-level accuracy. Additionally, the second method is scalable for large-scale estimation because it can
quickly detect scene changes by merely using an image pair without performing large-scale SfM. The
authors consider the proper use of these two methods to enable temporal city modeling in various sit-
uations. We experimentally apply these methods to cities damaged by the tsunami that struck Japan in
2011 and the results show their effectiveness.

© 2017 Published by Elsevier Inc.

1. Introduction

This paper describes two novel methods for estimating tem-
poral change in a city using street-level images. The first method
estimates the existence of buildings by using street-level images
and a 2D city map taken from a different time period. The second
method detects scene changes from a street image pair taken at
different points in time.

Temporal city modeling is one of the most important tasks for
managing a city, recovering from disasters, and understanding nat-
ural phenomena. Accurately understanding the changes in a city
requires detecting of changes between data collected at different
times. However, data obtained at a specific point in time, espe-
cially historical data, are not always available. Indeed, for the cities
damaged by the tsunami that struck Japan in 2011, no street im-
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ages of any type (e.g., Google Street View) are available before
the tsunami; the only available data are 2D city maps. Conse-
quently, detecting changes in textures (e.g., wall paintings) and ob-
jects not present on a city map (e.g., pedestrians, cars, and vege-
tation) inevitably requires the comparison of images taken at dif-
ferent points in time, if they are available. As an example, if the
shape of a reconstructed building has remained largely unchanged,
it is difficult to detect the changes resulting from its reconstruc-
tion from the street images and 2D city map data taken at differ-
ent time points, because the shape of the 2D city map is neither
sufficiently accurate to detect small changes nor does it contain
textural information.

Therefore, we propose two methods for detecting city changes
depending on the available data types and the target changes.
Fig. 1 shows our strategy for different types of input data. We can
estimate building-level changes when the street image for time ¢t
and 2D city map for time t' are available. Fig. 2 presents visual
images of a city prior to the tsunami and the subsequent changes
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Fig. 1. Inputs and outputs in our strategy. When (a) the street image for time t and (b) a 2D city map for time t’ are available, we can estimate (d) building level changes.
When street images for both time (a) t and (c) t’ are available, we can estimate (e) the scene change.
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Fig. 2. Visualization of temporal changes in a city. The left image shows buildings before the disaster; the other images show the results obtained by our method using
several image sequences captured at different times. These images visualize how buildings are initially removed by the disaster and then remaining buildings are gradually

demolished in recovery operation.

subsequently caused by the tsunami, as obtained by this method.
When street images for both time t and t’ are available, we can
estimate the scene change. The proper use of the two methods en-
ables temporal city modeling for a variety of situations.

More specifically, the method for estimating changes at the
building-level reconstructs the point cloud of city structures us-
ing the Structure from Motion (SfM) technique, and matches the
point cloud with the 3D building structures recovered from the
map. There are several difficulties faced when using this approach,
including the inaccuracy in the recovered building structures, large
differences in observation and thus in the point cloud size of in-
dividual buildings, and the mutual dependency of the existence
of buildings due to potential occlusions. These problems are ad-
dressed by developing a model that represents the generation of a
point cloud that sequentially utilizes SfM, a building wall observa-
tion model, and a greedy iterative approach to address the mutual
dependency.

Most previous approaches for scene change detection require a
3D scene model and/or pixel-level registration between different
temporal images. These approaches (as well as the first method)
are computationally expensive for estimating city-scale changes.
The second method does not have these problems because it uses
the features of a convolutional neural network (CNN) in com-
bination with superpixel segmentation. Comparison of CNN fea-
tures produces a low-resolution map of scene changes that is ro-
bust to illumination changes and viewpoint differences. Superpixel
segmentation of the scene images is integrated with this low-
resolution map to estimate precise segmentation boundaries for
each change. Hence, it can quickly detect scene changes from an
image pair aligned using GPS data, making it possible to process
an entire city with a single workstation.

The specific targets of our study are cities that were seriously
damaged by the tsunami resulting from the Great East Japan Earth-
quake, which occurred on March 11, 2011. (Most of the buildings
in these cities are at least five meters high, an assumption in-
cluded in our building-level change detection method.) This event
can be considered an unprecedented disaster in human history, as
the tsunami forced many modern cities to change their structures
in such a short time frame. Hence, visualizing the damage they
incurred and the recovery process has many applications. Look-
ing beyond this study, it should be noted that there is consider-
able opportunity to employ computer vision techniques in these
types of disaster-related applications. Moreover, the development
of computer vision techniques would also benefit from targeting
the tsunami-damaged areas of Japan, because of the variety of
damage and recovery that has occurred. These events provide sev-
eral ideal test cases for enabling the development of new tech-
niques. Both methods are applied to the tsunami-damaged areas
and our experimental results demonstrate their effectiveness.

The paper is organized as follows. In Section 2, we summarize
related work. Section 3 presents the building-level change detec-
tion method, which uses street images and a 2D map. Section 4 de-
scribes the scene change detection method, utilizing an image pair.
Section 5 concludes this study.

2. Related work

Many studies have examined the problem of detecting building-
level or scene changes by using either or both images and maps
(Agarwal et al., 2009; Crandall et al., 2011; Crispell et al., 2012;
Ibrahim Eden, 2008; KoSecka, 2012; Pollard and Mundy, 2007;
Pollefeys et al., 2008; Snavely et al., 2007; Zhang et al., 2010, 2007).
These studies can be classified into several categories depending
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