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Mitigation of seismic risk is a challenge for 70+ countries in the world. Screening the building stock for potential
structural defects is one way to locate structures that are vulnerable to strong ground motion. Often in devel-
oping countries, masonry buildings are not reinforced or confined to withstand earthquake loads. It has been
observed that such buildings cannot withstand the lateral loads imposed by an earthquake. An estimated 77
percent of the fatalities in the earthquakes during the last 100 years were caused mainly by the collapse of
masonry buildings. Given the probability of severe damage or collapse in the event of an earthquake, identifi-
cation and retrofit of such masonry buildings are critical. Screening of masonry buildings by conventional
methods is usually a time-consuming and labor-intensive process. This research presents an automated workflow
for segmenting the presence of such buildings through the use of street-view images. The method uses deep
learning techniques. An inventory composed of a set of street view images was collected from the streets of
Oaxaca State, Mexico using a 360° camera mounted on a car. These images were then annotated by trained
engineers. Using the annotated dataset, an instance segmentation model was trained to detect and classify
masonry buildings from the street view images. Using the model, we performed city scale detections of masonry
buildings. We found the spatial distribution pattern of masonry buildings is correlated with the urbanization
paths of the cities. The model could be used to produce large-scale automated detection of buildings at a fraction
of the cost and in the fraction of the time of the alternatives. With affordable, accurate and massive screenings,
governments can target these buildings for retrofit efforts and companies can assess the business opportunity of
prevention (or “Building Better Before™).

1. Introduction pre-earthquake retrofitting of vulnerable masonry buildings an urgent

need.

The consequences of earthquake can be devastating to the building
system, causing immediate loss of lives and long-term damages to the
economy. While precise prediction of earthquake occurrences is
impossible [27], the seismic performance of certain construction types is
well understood. Masonry, especially unreinforced masonry (URM), is a
construction type known to be highly vulnerable to seismic activity. This
is highlighted in the sequence of past major earthquakes [18,21,22,2.8,
5]. Fig. 1 shows the greatest number of earthquake fatalities in the last
100 years, 77% owing to the collapse of masonry buildings. Masonry
buildings are common all through Latin America, Eastern Europe, and
many parts of Asia [4]. Active seismicity coalescing with rapid urbani-
zation is increasingly threatening the safety of urban dwellers making
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While retrofitting or upgrading of existing masonry buildings to
improve their seismic performance is technically and economically
feasible, the implementation at scale remains a challenge. One impor-
tant obstacle is that the decision of whether to retrofit an existing
building for better seismic performance is usually based on a profes-
sional risk screening, which is costly and time-consuming.

The availability of street view images and recent advances in com-
puter vision techniques makes automated rapid screening of buildings
viable. In recent years, street view images have attracted significant
attention from researchers and have emerged as a much sought after
resource because of their wide availability and rich visual information.
Studies have shown the potential of using the images in a variety of
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Earthquakes causing the greatest number of fatalities in the last 100 years’

YEAR MAIN CAUSE LOCATION

FATALITIES MAGNITUDE

OF FATALITIES

1920 Masonry Haiyuan, Ningxia (Ning-hsia), China 200,000 7.8
1923 Fire Kanto (Kwanto), Japan 142,800 7.9
1927 Masonry Gulang, Gansu (Kansu), China 40,900 7.6
1931 Mix Near Fuyun (Koktokay), Xinjiang (Sinkiang), China 10,000 8
1933 Landslide/Mix North of Maowen, Sichuan (Szechwan), China 9,300 7.5
1934 Masonry Bihar, India-Nepal 10,700 8.1
1935 Masonry Quetta, Pakistan (Baluchistan, India) 30,000 7.6
1939 Masonry Erzincan, Turkey 32,700 7.8
1939 Masonry Chillan, Chile 28,000 7.8
1944 Masonry San Juan, Argentina 8,000 7.4
1948 Masonry Ashgabat (Ashkhabad), Turkmenistan (Turkmeniya, USSR) 110,000 7.3
1949 Landslide Khait, Tajikistan (Tadzhikistan, USSR) 12,000 7.5
1960 Masonry Agadir, Morocco 15,000 5.7
1962 Masonry Bu'in Zahra, Qazvin, Iran 12,225 7.1
1968 Earth Dasht-e Bayaz, Iran 12,000 7.3
1970 Masonry Chimbote, Peru 70,000 7.9
1970 Mixed Tonghai, Yunnan Province, China 10,000 7.5
1972 Masonry Iran: Qir, Karzin, Jahrom, Firuzabad 30,000 6.9
1972 Wood+Earth Nicaragua: Managua 10,000 6.2
1974 Masonry China 20,000 6.8
1976 Masonry Tangshan, China 242,769 7.5
1976 Masonry Guatemala 23,000 7.5
1976 Tsunami Mindanao, Philippines 8,000 7.9
1978 Masonry Iran: Tabas 15,000 7.8
1985 Mixed Mexico: Michoacan: Mexico City 9,500 8
1988 Masonry Spitak, Armenia 25,000 6.8
1990 Masonry Western Iran 50,000 7.4
1993 Masonry Latur-Killari, India 9,748 6.2
1999 Masonry Turkey: Istanbul, Kocaeli, Sakarya 17,118 7.6
2001 Masonry India: Gujarat: Bhuj, Ahmadabad, Rajokot; Pakistan 20,085 7.6
2003 Masonry Iran: Southeastern: Bam, Baravat 31,000 6.6
2004 Tsunami Indonesia: Sumatra: Aceh: Off West Coast 227,898 9.1
2005 Masonry Pakistan: Muzaffarabad, Uri, Anantnag, Baramula 86,000 7.6
2008 Masonry Eastern Sichuan, China 87,587 79
2010 Masonry Haiti: Port-Au-Prince 316,000

2011 Tsunami Japan: Honshu 20,896

2015 Masonry Nepal: Kathmandu; India; China; Bangladesh 8,000 7.8

Main sources of fatalities in earthquakes with the most fatalities (last 100 years)

Il Mainly collapse of masonry buildings

I Other (fire, tsunami, landslide, etc.

77% 23%

" Data from USGS (https://web.archive.org/web/20130411110008/http://earthquake.usgs.gov/earthquakes/world/
world_deaths.php) and NOAA (National Geophysical Data Center / World Data Service (NGDC/WDS): Significant Earthquake
Database. National Geophysical Data Center, NOAA. doi:10.7289/V5TD9V7K)

Fig. 1. Earthquake fatalities.

applications, ranging from predicting housing prices [3,23] to evalu-
ating the safety of neighborhoods [28,24]. Given the distinct visual
appearance of buildings, automatically recognizing such buildings from
street view images is possible.

In conjunction with using street view images for a variety of appli-
cations, the past several years have witnessed significant progress in
deep learning (DL) technologies, which have been embraced by the

computer vision community. Deep learning techniques (e.g., deep con-
volutional neural networks (CNNs)) have been applied and achieved
impressive performance in various applications in civil and natural
hazard engineering [13,10,16,11,37,33,15,35].

In this work, we propose an integrated workflow for automatic
screening of masonry buildings at a city scale. The workflow consists of
several components. First, street view images are collected using
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(a)

(b)

Fig. 2. (a) Observation of unreinforced masonry building collapse [12] (b) Common failure mechanisms for masonry structures: a. vertical cracking; b. horizontal
shear cracking; c. diagonal shear cracking; d. corner damages and wall separation; e. roof collapse; f. wall out-of-plane collapse.
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Fig. 3. Overlap of seismicity and developing countries: urgent needs for screening.

vehicles mounted with cameras. Second, a subset of images are selected
and the masonry buildings are manually annotated. The annotated im-
ages are then used to train a instance segmentation model that can
automatically detect masonry buildings in the rest of the images. The
detected buildings are then registered in a database, which contains the
footprints of all buildings, in a geocoding process. The key component of
the workflow is the automatic detection of masonry buildings from
street view images using the instance segmentation method. The auto-
matic detection is challenging, because the street view images usually
contain noises and complex scenes, posing difficulties (e.g., heavy oc-
clusions caused by vegetation or vehicles) for the neural network to
understand. In the following sections, we present the development of the
workflow and two examples of its application.

2. Urgent need for screening of masonry buildings

Masonry buildings, especially unconfined or unreinforced masonry
buildings (URMs), are well known for their seismic vulnerability. One
reason is masonry materials, such as adobe, stone, brick, and concrete
block, are typically strong in compression and able to bear gravity loads
but are relatively weaker to carry lateral loads. Masonry buildings
intrinsically exhibit a quasi-brittle nature and limited ductility, making
them extremely susceptible to failure during earthquakes. Another
reason is the walls of URM buildings are not secured to the roofs and

floors. The break-away of walls can lead to partial or full collapse, hence
leading to causalities and economic losses. Moreover, a considerable
number of existing masonry buildings were built before the introduction
of the first seismic design codes in their countries. Thus, their seismic
performance has not been designed or detailed to withstand the de-
mands of potential earthquakes. Common failure modes of URM build-
ings have been identified in historical earthquake events worldwide [6,
7,20,26], including corner damage, wall separation, wall cracking and
sliding, wall out-of-plane collapse, roof collapse, etc., as shown in Fig. 2.

Construction methods and technologies are dependent on local
conditions and level of engineering expertise as well as demographic
factors. For example, in North America, URM structures are common but
building codes effectively regulate construction and determine how well
protected structures are from seismic loading. In contrast, the rapid
urbanization of developing countries has resulted in a huge rise in de-
mand for quick and cheap housing without regulation or controls in
place to ensure they are built to survive earthquakes. The technical
studies behind the 2014 Disaster Risk Management Strategy from the
Government of Oaxaca, Mexico, found two main sources of vulnerability
in the housing stock: (i) poor quality of construction materials; and (ii)
poor structural systems (e.g., URM). As a result, the 2017 Chiapas
earthquake affected 70 thousand units in Istmo de Tehuantepec. SARC, a
disaster risk management consultancy firm, estimated that retrofitting
URM units could cut losses by half in future earthquakes Fig. 4.
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Potential Housing Related Earthquake Losses
26 districts in Salina Cruz, Oaxaca, Mexico.
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Fig. 4. Potential housing related earthquake losses in Salina Cruz, Oaxaca, Mexico.

(a) A Confined URM building

(b) Confinement highlighted

Fig. 5. Confined URM.

Unfortunately, as shown in Fig. 3, the global seismicity substantially
overlaps with developing countries, which makes screening and retro-
fitting these buildings an urgent need, particularly given that building
codes are rarely enforced.

3. Vision based screening of masonry buildings

Traditionally, seismic screening of buildings requires extensive ex-
amination of information from various fields of expertise, including the
recognition of seismic risks, the performance of structures during sig-
nificant earthquakes, seismic assessment and performance assessment
tools, etc. For example, in the guidebook FEMA 154 [1], a system to
analyze the seismic resistance of buildings, with minimal effort, without

access to the buildings (e.g., based on the visual cues manifested at
building exterior) was developed. The approach has been used broadly
for evaluating structures in many countries and regions prone to
damaging earthquakes [34,30,31,29]. The intuition behind vision-based
screening methods is that, to a considerable degree, the seismic per-
formance of a structure depends on its construction material and type,
geometric irregularities, etc., which can be determined based on visual
cues.

Therefore, it is possible to identify masonry buildings based on its
visual cues captured in street view images. A building is considered to be
a masonry building if its wall is constructed of masonry materials, such
as adobe, brick, concrete block, etc. It is also important for the screening
process to discriminate reinforced or confined masonry buildings from
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Fig. 6. Street view image harvesting.
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(d) No visual cures of confining components

Fig. 7. Examples of images to be annotated.

URM buildings. Confined masonry can be defined as unreinforced ma-
sonry confined with reinforced concrete tie beams and columns around
openings and masonry panels. The construction principle of confined
masonry structures is to confine the unreinforced masonry components
to strengthen their lateral resistance to seismic activity. The beams and
columns tie the masonry walls together, preventing their separation at
vertical connecting under the lateral inertia forces. It has proved that
both the strength and ductility of masonry are improved by the
confinement. Since its first use in the 1900s [9], confined masonry
structures quickly became popular in many regions across the world
[25] thanks to its satisfactory seismic performance, especially when the
masonry densities in both horizontal and vertical directions are
adequate. Confined masonry is now known as an economical and seis-
mically superior construction type and has been adopted widely for low-

and medium-rise buildings.

The reinforced concrete tie columns and tie beams are visually
detectable from the exterior of a building. As the example shown in
Fig. 5, the visual cues of the existence of tie columns and beams indicate
the building is not a URM, but a confined masonry building or a concrete
frame filled with masonry wall — both are more seismic resilient than a
URM.

Although visual screening has been broadly adopted, such screening
can be expensive, error-prone and labor-intensive. Decisions can be
subjective, potentially leading to diverging interpretations and erro-
neous results, even if the screening process is implemented by pro-
fessionals following guidelines, especially for large inventories.
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Fig. 8. Mask R-CNN [17].
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Fig. 9. Training loss.

4. Automated screening by instance segmentation of street view
images

Street view images are photos taken from roadways that capture
objects such as buildings, vegetation, vehicles. Recently, street view
images have drawn considerable attention because of the rich visual
information and the relatively low cost for collecting them. Further-
more, the computational hardware and software used for processing
these images have improved substantially. All these advantages lead to a
wide spectrum of applications of street view images in a variety of dis-
ciplines. For example, [28] calculated the perceived degree of public
security by analyzing numerous street view images. It showed that the
visual presence of urban surroundings can indicate the lives of in-
habitants in a neighborhood. In another study, [14] utilized the infor-
mation of cars extracted from street view images to gauge the
demographic makeup of cities. [23] used street view images to measure
housing prices in London and found a strong correlation between street
presence and housing prices. [19] combined street view images together
with satellite images to infer the function of a building. In a recent study
[36,371, street view image classification was successfully applied in

building seismic risk analyses.

Further, recent advancements in the field of computer vision tech-
nology, such as deep learning and convolutional neural networks (CNN)
have boosted street view analysis. A class of image analysis approaches,
instance segmentation, that can categorize and group pixels in an image
into predefined classes, has been developed and applied in various dis-
ciplines. Building upon an image segmentation approach, this study
introduces an alternative screening procedure that collects images sys-
tematically from the street and employs a trained instance segmentation
model for detecting masonry buildings from these images. The proposed
approach possesses many advantages when compared with traditional
screening approaches, in terms of the consistency in the evaluation, cost
efficiency, and scalability.

4.1. Objectives of the screening

The primary objective of the screening process is to detect masonry
buildings from street view images. Moreover, detected masonry build-
ings should be classified based on their construction type which de-
termines the seismic vulnerability level. To this end, the screening
process will further classify the detected masonry buildings into two
class depending on whether the masonry walls are confined with ties.
Furthermore, the developed workflow is capable of performing city-
wide screening, which produces evaluations of most buildings in a city
or a region. Such screening results are extremely important for guiding
the governmental and emergency agencies in disaster preparedness and
retrofitting plans.

4.2. Overall workflow

To achieve the aforementioned goals, we developed and validated an
integrated workflow for automatic large-scale screening of masonry
buildings. Components of the workflow include:

e Data Collection: The first step is to collect street level images,
together with the GPS coordinates and parameters of the camera.

o Data Annotation: The objective of this component is to obtain the
training data, i.e., the annotations of and building objects in images.
The annotation should mark the locations of buildings in a given
image and also the attributes of each building.

e Model Training: The annotated dataset is used for training the
instance segmentation models.
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Fig. 10. Examples of ground truth annotations compared with inferences.

e Inference: The trained models are used for detecting buildings and
their attributes from all collected images.

e Geocoding: The detected building information is integrated into
building footprints.

The core objective of the workflow is to successfully train an instance
segmentation model that is capable of detecting and classifying masonry
building instances from street view images. The complex contexts in
street view images present a unique challenge. To succeed, the model
must be trained on a large dataset to facilitate the identification of
building objects and the further classification of them into different
categories.

4.3. Data collection

The street view images are collected from cameras mounted on a
ground vehicle. Another option is to use unmanned aerial vehicle (UAV),
which has the advantages such as potentials for reducing heavy occlu-
sions in the collected images. We chose to use a ground vehicle instead of

UAV based on the following considerations: 1. Obtaining a permit for a
UAV to be hover in the middle of the street, just above the traffic, would
have not been possible or the administration process could be pro-
longed. 2. Using a UAV would be prohibitively time consuming because
the battery would die frequently (every 30-60 min). As shown in Fig. 6,
while the vehicle drives through the roads, the cameras take images at a
constant frequency from angles that are perpendicular to the travel di-
rection. The cameras also record the GPS coordinate of each captured
image and the heading direction of the travel at the moment the image is
taken.

4.4. Data annotation

The task requires that we not only annotate the shape of the build-
ings in the training dataset, but also annotate the class of the buildings,
which demands professional knowledge of the annotators to discrimi-
nate between different construction types. To classify the building as
‘unconfined’, the annotators must observe visual cues of confining
components on the facade, which is challenging. Examples of the images
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(b) Long shot

Fig. 12. Different distances from camera.

are shown in Fig. 7. As can be seen, the identification of the visual cues
depends on the annotators’ judgement of the existing of structural ele-
ments that might hold concrete and rebars.

A subset of street view images are randomly selected from the dataset
collected in the city of Salina Cruz, Oaxaca, Mexico. Bounding boxes are
drawn on images to annotate masonry buildings. Each bounding box is
associated with a class name either ‘confined’ or ‘unconfined’. The
‘confined’ class indicates a masonry building with confinement or
reinforcement components, such as tie columns and beams that confine
the masonry walls. The ‘unconfined’ class represents masonry buildings
without reinforcement or confinement components. For each masonry
building in an image, only its front facade is annotated with a rectan-
gular bounding box. A total of 10,541 buildings are annotated, among
which there are 8839 confined masonry buildings and 1702 unconfined
masonry buildings. These annotations together with the annotated im-
ages are used as the input for training a instance segmentation model.

4.5. Segmentation model

We employ the Mask R-CNN approach, which is originally developed
by [17], as our segmentation model. This model is an extension of the
Faster R-CNN algorithm [32] by adding a branch for predicting seg-
mentation masks on each Region of Interest (Rol) in parallel with the
existing branch for classification and bounding box regression. Fig. 8
shows the architecture of the Mask R-CNN.

The street view image is first input into a pre-trained backbone CNN
(ResNet), which is connected with a Region Proposal Network (RPN) for
proposing regions of interest (Rol) from the feature maps output by the
backbone. The Rols are then fed into two parallel branches: the mask
branch and the bounding box branch. The mask branch is a small fully
convolutional network (FCN) applied to each Rol, predicting a seg-
mentation mask in the pixel level. The box branch is a set of fully-
connected (fc) layers that yield the clasoftmax and the bounding box
regression. During the backpropagation, the lois calculated for each Rol:
L = L¢is + Lpox + Lmask, where L is the total training loss; L is the loss the
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(b) Vegetation

Fig. 13. Occlusions.

(b)

Fig. 14. Examples of sloped street.

classification and Ly, is the loof bounding box; and Ly, is the loof the
mask. The detailed definitions of L, Lpox and Lyqsk are referred to [32]
and [17].

4.6. Training

This section describes the training of the instance segmentation
model. The input of the model is a raw image. The output of the model is
polygons and bounding boxes, indicating the locations of the detected
masonry buildings and the corresponding classes (confined/
unconfined).

90% of the annotated data is used for training the model. The initial
base learning rate of the training is set as 0.0025. The training metrics of
this model are presented in Fig. 9, which shows that the training
converged after 10,000 iterations. The performance of a segmentation
model can be evaluated by the average precision (AP) of all classes at
different Intersection over Union (IoU) levels, which is defined as the
intersection of the prediction area and ground truth area divided by the

union of prediction and ground truth areas. Another popular metric for
measuring the performance of segmentation models is the mean average
precision (mAP) over a series of IoU levels. This model is tested on the
left 10% of the ground truth annotations: the mAP is 71.41% at
IoU > 0.75, 78.97% at IoU > 0.5, which is satisfactory. It should be
noted that the presented model is trained and tested on data collected
from the region of interested, where the construction types, develop-
ment and economy levels are similar.

4.7. Inference

This section presents a few examples of the inference, followed by a
discussion on the performance of the model. The first row of Fig. 10
shows the ground truth annotation and the inference of an unconfined
masonry building, while the second row shows the example of a
confined masonry building. Compared with the ground truth annota-
tions, the masonry buildings are detected by the model and their classes
are predicted correctly, with high confidence.
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Fig. 15. Find the direction of each detected facade.

The generalization ability of the trained model is essential. In the
following, we show a couple of examples for examining the model’s
performance under complicated street scenes. In dense urban area,
buildings are often constructed adjacent to or totally connected with
each other. It is important for the model to be able to identify each of
them, instead of misclassifying them as one building. As the examples
shown in Fig. 11, the model is capable of detecting multiple masonry
buildings that are closely constructed.

Another common issue during the data collection is the varying
distance between the camera and the building. For images collected
from narrow streets, buildings appear in a closeup shot style. In this case,
the buildings are partially captured in the image. On the opposite side,
distant buildings usually appear in a long shot style, occupying only a
very small fraction of the street view image. Both cases will cause dif-
ficulties for the model, especially if the model is trained on a relatively
small dataset. Therefore, we intentionally included all these cases in the
annotation effort to increase the diversity in the training dataset. Suc-
cessful detection examples of such cases are shown in Fig. 12.

Another challenge encountered was the heavy occlusions in the
street view, which are usually caused by trees and vehicles. For example,
the facade of the building in Fig. 13(a) is occluded by a truck and (b) is
occluded by trees, leaving only a part of the buildings visible in the
image. As shown in the figures, the model successfully detected these
buildings.

For sloped roads shown in Fig. 14, though the buildings in the images
are leaning, they are also successfully detected.

Cadiz

ey
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4.8. Geocoding

The next step is to link the detected buildings to a city-scale building
footprint database. The camera recorded the GPS coordinate and the
heading direction of the travel when an image is captured. For each
captured image, the field of view (FOV) is constant and known. Since the
camera direction is perpendicular to the travel direction, it is straight-
forward to calculate the compass direction of each detected building
based on its relative position in the image, as shown in Fig. 15.

In the horizontal plane, a line that originates from the camera and
parallels the calculated compass direction can be drawn. The class
detected from the image at the origin of the line will be assigned to the
first footprint polygon the line encounters. Fig. 16 visualizes the lines
that link the camera locations to the building footprints. A building
could appear in multiple images captured at different camera location.
Only the detection with the highest confidence is selected as the final
prediction of the building.

4.9. Application example

The aforementioned model is trained on images collected from the
city of Salina Cruz, Mexico. In this section, we use the model for
detecting masonry buildings not only in Salina Cruz but also another
city, Juchitan, in the same state.

Salina Cruz is a city located on the Pacific coast. It is a major seaport
and the fourth-largest municipality of the state of Oaxaca, Mexico in
terms of population. About 2,052,840 images are collected along the
majority of the roads in the city, as shown in Fig. 17(a). 15,452 masonry
buildings are detected from these images, among which 13,128 are
classified as confined/reinforced masonry buildings, the left are classi-
fied as unconfined masonry buildings. Comparing Fig. 17(a) and (b), it
shows that most confined masonry buildings (blue) are found in the
areas where there the roads and streets are straight indicating engi-
neered urbanization. Meanwhile, the density of unconfined masonry
buildings (red) is much higher in the periphery of those urban areas.

Juchitan de Zaragoz is a city of similar size and is located 30 km to
the northeast of Salina Cruz. We collected 695,524 images in the city
along the roads shown in Fig. 18(a). 7029 buildings are detected from
these images, among which 6315 are confined masonry buildings, the
left are classified as unconfined masonry buildings. The screening results
visualized in Fig. 18(b) show distribution patterns similar to Salina Cruz,
i.e., unconfined masonry buildings are more frequently spotted on the
periphery of the city.

5. Discussion
Although machine learning and deep learning have been employed

for image-based information acquisition in multiple disciplines, using
this technique for hazard risk mitigation has been rare. The objective of

Fig. 16. Register detections with footprints.
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(b)

Fig. 17. Screening at Salina Cruz, Mexico: (a) Data collection routes (b) Screened building: blue is confined masonry buildings and red is unconfined masonry
buildings. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

(a)

(b)

Fig. 18. Screening at Juchitan de Zaragoza, Mexico: (a) Data collection routes (b) Screened building: blue is confined masonry buildings and red is unconfined
masonry buildings. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

this study was to explore the possibility of detecting buildings from
images for assisting decision-making for earthquake preparedness. We
demonstrated that deep convolutional neural networks (Mask R-CNN)
can be used to help identify and classify masonry buildings using street
view images.

A few prior studies investigated the application of using deep
learning for street view image analysis, most if not all of them focused on
the whole image classification approach, which is problematic because
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the image classification model makes decisions based on the whole
image, without paying attention to the objects of interest in the image.
Thus, not only the objects of the interest but also the noise are taken into
consideration when deciding which class the building belongs to. In
contrast to the existing literature that uses the full image classification
method, this study explored using the segmentation technique in
building information acquisition from street view images and has
demonstrated that this technique can overcome the noise and occlusion
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(a) No label, false prediction

(c) Model failed to detect the building

Fig. 19. Examples of false labels and false predictions.

problems.

To better understand the difficulties the model is facing and what
confuses the model, it is important to discuss on examples of false pre-
dictions. A few annotated images (on the left) versus segmented building
instances (on the right) with predictions are shown in Fig. 19(a-c). In
(a), we focus on building B, which is not annotated. There are two

12

predictions for this building: unconfined (97%) and confined (74%),
which means the model found both confined and unconfined features in
this building and the unconfined features outweighed the confined
features. A closer look into building B reveals visual cues of confining
components, but the cues are not strong, which confuses the model. In
(b), the building is labeled as unconfined building, which is a false label
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because there are visual cues of confining components. The model suc-
cessfully classified this building as ‘confined’. In (c), the model failed to
detect the buildings in the image. The most possible reason is: there were
not enough annotated buildings similar to those in figure (d) — only the
front facades are annotated in our training dataset, but figure (c) did not
capture the front facades of those buildings. These examples show that
(1) there are slight noises in our training dataset, like any other dataset.
(2) The model encounters difficulties when the visual cues of confining
components are weak. (3) The model performs best for front facades.
Despite the aforementioned false prediction examples, the overall per-
formance of the model is satisfying, with a 78.97% mean average pre-
cision on a randomly selected testing dataset.

6. Conclusion

The present study aimed at developing a method for the rapid
detection of masonry buildings from street view images. The method
used is instance segmentation, which is based on a deep convolutional
neural network. A segmentation model was successfully trained that
performs the following tasks:

e Detect masonry building instances from street view images
e Classify the identified instances of a masonry building in said image
into two categories: confined and unconfined.

Using the developed framework, we can perform city scale de-
tections of masonry buildings. In the region being studied, we found the
spatial distribution pattern of masonry buildings is correlated with the
urbanization paths of the cities.

This work appears to be the first study to use deep learning for the
seismic screening of masonry buildings, and the first study that employs
segmentation approach for building instance identification using street
view images. When compared with the image classification method, one
of the advantages of the present segmentation method is its ability to
locate instances of buildings in an image. This leads to accurate classi-
fication of the building since the decision can be made on the building
itself without interference from noise in the image itself. This has sig-
nificant implications for using machine learning to understand building
risks from images.

Although this method can be used for the rapid screening of masonry
buildings, it is not intended to replace more rigorous assessments of
building performance using numerical simulations or statistical
methods. The present approach aims to provide an automated and
inexpensive method for large-scale regional examinations that can
benefit policymakers in determining seismic risk. With affordable, ac-
curate and massive screenings, governments can target these buildings
for retrofit efforts and companies can assess the business opportunity of
prevention (or “Building Better Before™). This method, however, is
intended to allow interested parties to improve the target of scarce re-
sources and does not claim to be a substitute of much needed physical
inspections and detailed assessments prior to the design and imple-
mentation of retrofits.
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