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Abstract: Asbestos is a class 1 carcinogen, and it has become clear that it harms the human body. Its
use has been banned in many countries, and now the investigation and removal of installed asbestos
has become a very important social issue. Accordingly, many social costs are expected to occur,
and an efficient asbestos investigation method is required. So far, the examination of asbestos slates
was performed through visual inspection. With recent advances in deep learning technology, it is
possible to distinguish objects by discovering patterns in numerous training data. In this study, we
propose the use of drone images and a faster region-based convolutional neural network (Faster
R-CNN) to identify asbestos slates in target sites. Furthermore, the locations of detected asbestos
slates were estimated using orthoimages and compiled cadastral maps. A total of 91 asbestos slates
were detected in the target sites, and 91 locations were estimated from a total of 45 addresses. To
verify the estimated locations, an on-site survey was conducted, and the location estimation method
obtained an accuracy of 98.9%. The study findings indicate that the proposed method could be a
useful research method for identifying asbestos slate roofs.

Keywords: aerial imagery; asbestos slate; drone; faster region-based convolutional neural network
(Faster R-CNN)

1. Introduction

Asbestos refers to silicate minerals produced as asbestiform. Asbestos has excellent
mechanical strength, incombustibility, insulating capability, as well as soundproofing
and sound absorption capability. Hence, it has been used as a raw material for building
construction for a long time [1].

The risk of asbestos-related diseases has been known since the 1960s. Furthermore,
it has been established that asbestos causes incurable diseases, such as asbestosis (i.e., a
type of respiratory disease), malignant mesothelioma, and lung cancer [2]. Therefore, the
International Agency for Cancer has classified asbestos as a Group 1 carcinogen [3].

As the dangers of asbestos have been revealed, many countries, including the United
States and Japan, have banned its use since the 1990s, and its consumption is rapidly
declining worldwide [4]. In Korea, the asbestos regulation was enacted, and since 2009, the
manufacturing, importing, and use of all asbestos, as well as asbestos-containing products,
have been banned [5]. Despite the asbestos ban, dismantling and removal of existing
asbestos remain a social issue.

In the case of Korea, asbestos was mainly used for exterior building materials like
slates, interior materials such as textiles, and facility materials like gaskets. In particular,
about 96% of imported asbestos in the 1970s was used for slates. Currently, the number of
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buildings in which asbestos slates are used in Korea amounts to 1.2 million, which accounts
for about 18% of all buildings in Korea [6]. According to a study by Kim et al. [3], it is
predicted that up to 555 people will die from asbestos-related diseases by 2031 due to the
impact of asbestos-containing slate buildings installed in Korea. Therefore, the safe removal
of asbestos slates is a very urgent matter.

The removal of asbestos slates is performed in the following steps: (1) status survey,
(2) quantity calculation, (3) dismantling of asbestos slates, and (4) burying asbestos slates in
a landfill. The Korean government recommends the removal of all asbestos slates regardless
of the condition, such as damage or defects installed as exterior materials. Asbestos slate
inspection is conducted through a visual inspection by a professional investigator and
the location where the slate is installed is the roof of the building, so it is very difficult to
visually inspect it. Furthermore, a lot of manpower and costs are required. These problems
can be solved using drones.

A drone generally refers to an aircraft without a pilot on board that is designed
and manufactured to perform tasks that are difficult for humans by autonomously flying
according to a pre-programmed function or remotely controlling the aircraft [7]. A study
was recently conducted on surveying asbestos slates installed on roofs by utilizing spatial
characteristics of the drone’s flight. Lee et al. [8] used drones to identify the status of
asbestos slate roofs of buildings in a densely populated, old residential area. They used
existing building information for comparison to uncover the differences and confirmed
the usefulness of their method through on-site verification. However, drone images were
analyzed with the naked eye in their study. Therefore, there was a limitation in quickly and
accurately identifying the status of asbestos slate roofs of buildings in a large-scale area
such as a city.

The technology for automatically analyzing images has developed rapidly with the
recent advances in deep learning technology. Deep learning is a method that extracts
high-level abstractions from training data through a combination of various non-linear
transformation techniques [9]. Moreover, it teaches computers to think like humans. In
deep learning, machines perform the feature extraction step, which used to be assigned by
humans, and machines have the advantage of recognizing features of objects that humans
previously could not detect. Deep learning trains artificial neural networks (ANN) to
distinguish objects from humans by discovering patterns in numerous training data.

Previously, it was very difficult to implement an ANN with an applicable level of
complexity by increasing the number of hidden layers noticeably. Since 2010, computational
speed has significantly improved due to the advancement of graphics hardware, and it has
become easier to obtain training data from Internet’s big data. As a result, deep learning
of ANN has been made possible [10]. After the error rate of deep learning improved
by over 20%, its use began to spread into various fields. Furthermore, deep learning
achieved the best classification performance in the ImageNet Challenge in 2012. Since
then, there has been a rapid increase in its application in the image classification field.
The convolutional neural network (CNN) is the most widely used in image recognition,
and shows good results, especially in image classification [11–15]. Recently, the faster
region-based convolutional neural network (Faster R-CNN), which is one of the techniques
that was further developed from a CNN algorithm, has been used extensively. Faster
R-CNN has been developed to detect even the location of an object in an image with high
accuracy. It consists of a region proposal network (RPN) and a Fast R-CNN structure. After
the input values pass through the CNN, the output feature map is fed into the RPN and
Fast R-CNN. The RPN structure proposes a region for the output feature map, and the Fast
R-CNN detects the proposed region [16].

Studies using deep learning technology based on drone images are actively underway.
Lou et al. [17] applied deep learning, such as Faster R-CNN and YOLOv3, to drone images
for detecting the crown of pine trees and estimating its width with a high accuracy. Al-
shaibani et al. [18] conducted a study to identify types of airplanes based on Mask R-CNN
and drone images to handle traffic bottlenecks in airports. Asbestos slates produced in
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Korea are standardized and produced in two types, so the color, width, and depth of the
trough are constant and there are no similar materials. We constructed asbestos slate learn-
ing data for the two types. Objects with such patterned appearance characteristics are easy
to be analyzed by deep learning. Consequently, it is possible to clearly distinguish roofs
made with asbestos slates from roofs made with other materials like roof tiles or reinforced
concrete. Thus, buildings with roofs made of asbestos slates can be identified because
their external characteristics are distinct. Accordingly, Faster R-CNN can be applied in the
case of asbestos slates with unique external characteristics. However, there are few related
prior studies. Therefore, a study was conducted for the purpose of automatic detection of
asbestos slate and GIS-based location estimation using drone images and Faster R-CNN,
which is described in this paper.

2. Methodology
2.1. Overview

Figure 1 shows the schematic diagram of the method for surveying the asbestos
slate roof using drones and Faster R-CNN. As shown the drone image-based automatic
identification of asbestos slate roofs consists of three steps: (a) aerial photography, (b) aerial
image analysis based on Faster R-CNN, and (c) estimation of the location of asbestos slates.
The objective of this study is to automatically detect asbestos slate roofs and estimate their
locations. To achieve that, the compiled cadastral map and orthoimages were used, which
are public data provided by the government.
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Figure 1. Schematic diagram of the method for surveying the asbestos slate roof.

2.2. Drone-Based Data Acquisition

Aerial images are used for two purposes in this study: (1) detection of asbestos slates
based on Faster R-CNN, and (2) estimation of the location of asbestos by constructing
orthoimages. When taking aerial images from a drone to detect asbestos slates and estimate
their locations, it is necessary to consider the altitude at which aerial images are taken,
camera angle, time slot of aerial images, photographic method, and photograph overlap.
The altitude must be set such that asbestos slate roofs can be distinguished from aerial
images. Based on the altitude, the ground sample distance (GSD) value that considers the
external characteristics of asbestos slates should be satisfied. As mentioned in Section 1,
asbestos slates have distinct external characteristics. As shown in Figure 2 below, the
asbestos slate has a 6 cm gap between the grooves. Therefore, it is required to secure a
GSD value of at least 3 cm/pixel to enable the identification of the gap between grooves. In
addition, if a high-rise structure exists around the target site, the height of that structure
must be considered when setting the altitude.
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In the case of setting the camera angle, a vertical shooting angle of 90 degrees is appro-
priate for detecting asbestos slates because they are used as roofing material. Therefore, if
the time slot for taking aerial images to generate drone-based orthoimages is closer to noon,
it is possible to reduce the possibility of distortion and noise caused by shadows. Moreover,
images with a certain quality level or higher quality need to be acquired to utilize Faster
R-CNN. In the case of a manual flight, it is impossible to keep the flight altitude, speed, and
overlap constantly due to the subjective factors of the pilot being reflected. On the contrary,
in the case of automatic route flight, it is possible to secure aerial image data of a certain
quality compared to that in manual flight.

To estimate the location of asbestos slates, it is essential to construct orthoimages.
Furthermore, the overlap setting is a very important element in constructing orthoimages
of better quality. According to Chapter 3, Article 13 of the “Guidelines for Public Surveying
Using Unmanned Aerial Vehicles” by the National Geographic Information Institute of
Korea, the overlap should be 65% or more in the direction of camera shooting, and 60%
or more between adjacent courses when taking images from an unmanned aerial vehicle.
Furthermore, it is stated that images should be taken with an overlap of 85% or more
in the direction of camera shooting and 80% or more between adjacent courses if the
terrain is highly undulating or there are high-rise buildings. In a study by Cho et al. [19],
they conducted their experiment 45 times at various altitudes, overlaps, and camera
angles within 150 m of altitude. Then, they compared and analyzed orthoimages and
1/1000 numerical maps. In addition, as the overlap increases when taking photos, the
plane positioning accuracy increases as well. Moreover, the study in [20] showed that
orthoimages and digital surface modal (DSMs) created when the forward overlap is 70%
and lateral overlap is 80% can be used as data for aerial photogrammetry maps of a reduced
scale of 1:1000 or more.

2.3. Faster R-CNN and Training Data

With regards to the R-CNN series, Faster R-CNN is an algorithm that includes the
RPN. When an image is input, it is first trained with a CNN to create a feature map. A
region proposal is then created by training the generated feature map with RPN. Afterward,
classification and bounding-box regression are performed on the created region proposal.
At the same time, this algorithm projects the region proposal onto the feature map to set
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the region of interest (ROI) and calculates the final results by performing classification and
bounding-box regression on it [21–23].

A large amount of training data is required to survey asbestos slate roofs automatically
using Faster R-CNN. The machine learning process of object detection largely consists of
data preparation, model preparation and training, and model evaluation and analysis [24].
The amount of data to be trained in the data preparation step significantly impacts the
accuracy in the later training and model evaluation steps. In other words, a large amount
of labeled, high-quality training data is required to train a model to make it highly accu-
rate [25]. In particular, the accuracy was higher when the model was trained with drone
image-based training data [26].

2.4. Construction of Orthoimages and Estimation of Location

To estimate the location of asbestos slate images taken with a drone, orthoimages
must first be created. They require aerial image data, exterior orientation factors, and a
precise digital elevation model (DEM) for the target site. The accuracy of orthoimages is
determined by the quality of aerial photography images, the accuracy of exterior orientation
factors, and the accuracy of DEM [27]. The point cloud-based 3D modeling process consists
of three steps: (1) tie point matching, (2) point cloud generation, and (3) mesh building. For
the construction of a 3D model, the feature points are extracted from aerial photography
images acquired from the unmanned aircraft in the initial processing step through the
Scale Invariant Feature Transform (SIFT) algorithm. Then, the extracted feature points
go through the following steps: (1) internal orientation, (2) calibration of image subset,
and (3) relative orientation. If the value of the bundle adjustment results is invalid after
performing the geo-referencing step, the geo-referencing process is repeated. Next, the
point cloud data are generated through the dense reconstruction step, and then, the mesh
formation process is carried out to construct a 3D model [28,29]. Lastly, to construct
orthoimages, textures are created based on original images and mapped to a polygon mesh
model. Orthoimages can be constructed by performing this building texture step. The
detailed process of constructing orthoimages is shown in the following Figure 3.
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ArcGIS Desktop (by ESRI) was used to estimate the location of asbestos slates detected
through Faster R-CNN. ArcGIS Desktop is a basic solution for GIS professionals to create,
isolate, manage and share spatial information, it is a program that enables them to create
maps, perform spatial analysis, and manage data. The detected object is converted into
points by layering the orthoimages and compiled cadastral map, which has Parcel number
(PNU) code attributes, in the program. Since each converted point has a PNU code number
composed of a unique parcel number, they can be converted into addresses using these
numbers. A detailed description of the PNU code is shown in Figure 4.
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3. Experimental Results
3.1. Aerial Photography

The priority area for removing asbestos slates, where a redevelopment project has
been planned, was selected as the target site to acquire the asbestos slate data. The status
of the target site is shown in Figure 5 below. Aerial photographs were taken at a vertical
angle of 90 degrees around noon on 22 October 2020. The aerial photography altitude
was set at 70 m in this study to avoid collisions with high-rise apartments and secure
a GSD at which the identification of unique external characteristics of asbestos slates is
possible. Both the rotary-wing drone (Inspire 2 model) and vision sensor (Zenmuse X5s)
used for aerial photography were manufactured by DJI Co. Ltd. in China. The two systems
were connected by a gimbal, as shown in Figure 5. The resolution of the camera was
5280 × 2970 pixels, and the field of view (FOV) was 72◦ (DJI MFT 15 mm/1.7 ASPH). The
GSD of the image acquired through the route flight was analyzed at 1.32 cm/pixel, ensuring
a GSD level at which the gap between the grooves of the asbestos slate can be identified.
Aerial photographs were taken approximately during 15 min of automatic flight at an
average flight speed of 10 m/s. By considering the overlap and image registration for
constructing orthoimages, aerial photographs were taken by setting both forward and
lateral overlaps at 70%. As a result, a total of 254 aerial images were obtained.
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3.2. Analysis of Aerial Images Based on Faster R-CNN

To obtain training data for Faster R-CNN, drones were used in this study in areas where
asbestos slates are widely distributed. As shown in Figure 6 below, data for 475 asbestos
slates were collected from five sites using the same drone used in validation.
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Figure 6. Site for obtaining asbestos slates data.

Asbestos slates were detected through transfer learning of 475 collected training data
based on the ImageNet training model (50,000 data, 20 classes). Twenty validation datasets
were utilized, and 2080 TI was used as the graphic processing unit (GPU). Moreover,
ResNet101 was used as the backbone model. As a result, a total of 91 asbestos slate roofs
were detected in target sites. The following Figure 7 shows the distribution and detection
of asbestos slates in these sites.
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Figure 7. The distribution and detection of asbestos slates in target sites.

3.3. Estimation of Location of Asbestos Slates and on-Site Verification

Using Agisoft’s PhotoScan Professional program, an orthoimage with RMSE X = 0.100 m,
RMSE Y = 0.074 m, and spatial resolution of GSD 1.59 cm/pixel was constructed through
point cloud-based 3D modeling. To increase the location accuracy when constructing
orthoimages, six ground control points (GCPs) were set using the VRS-RTK equipment.
ArcGIS Desktop was used to estimate the locations of detected asbestos slates based on the
orthoimages and compiled cadastral map. The results showed that asbestos slates were
detected in 91 locations from a total of 45 addresses. The details are shown in the following
Table 1.
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Table 1. Location and quantity of asbestos slates detected.

NO. PNU Code PNU Code-Based Address Quantity of Asbestos
Slates Detected

1 2729011700103410000 341, Jincheon-dong,
Dalseo-gu, Daegu 3

2 2729011700102920011 292-11, Jincheon-dong,
Dalseo-gu, Daegu 1

3 2729011700103970000 397, Jincheon-dong,
Dalseo-gu, Daegu 1

4 2729011700103140000 314, Jincheon-dong,
Dalseo-gu, Daegu 1

5 2729011700103060000 306, Jincheon-dong,
Dalseo-gu, Daegu 2

41 2729011700103830002 303-2, Jincheon-dong,
Dalseo-gu, Daegu 1

42 2729011700108080098 808-98, Jincheon-dong,
Dalseo-gu, Daegu 2

43 2729011700103260001 326-1, Jincheon-dong,
Dalseo-gu, Daegu 2

44 2729011700102910020 291-20, Jincheon-dong,
Dalseo-gu, Daegu 1

45 2729011700103920001 392-1, Jincheon-dong,
Dalseo-gu, Daegu 1

An on-site validation was performed from 1 April until 3 April 2021, to analyze the
reliability of detection of asbestos slates and location estimation results. Based on the
results, a total of 90 asbestos slates were identified in the on-site validation, showing an
accuracy of 98.9%. Thus, the possibility of detecting asbestos slates and estimating their
locations with high accuracy using drones and Faster R-CNN was verified. It is anticipated
that the false detection of asbestos slates can be solved by supplementing the training data
and enhancing the algorithms.

4. Discussion

Asbestos is a class 1 carcinogen, and it has become clear that it harms the human body.
As a result, its use is banned in many countries. Investigation and removal of installed
asbestos is now a very important issue [30]. Accordingly, many social costs are expected to
occur, and for this, an efficient research method is required [31]. In this study, an asbestos
slate was detected using drones and deep learning. In addition, an efficient methodology
for finding asbestos slate was presented by analyzing the location through ArcGIS Desktop.

Previously, Lee et al. suggested a methodology to find asbestos slate using a drone,
but they analyzed each image manually [8]. E Raczko et al. applied deep learning to find
asbestos slate [32]. However, this study had limitations in finding the exact location of
the asbestos slate by providing only the GPS information of the drone with an error of
several meters.

This study is different from the study of Lee et al. [8] in that the asbestos slate was
automatically extracted through deep learning and from the study of E Raczko et al. [32] in
that the point cloud technique was applied to the drone image for correcting the location
information and finding the exact address of the asbestos slate.

In many countries, rapid urbanization occurred in the 1970s and 1980s, and many
asbestos slates were installed. Now, in many places, district-scale redevelopment is in
progress. In this process, it is expected that huge costs will be incurred for the investigation
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and removal of asbestos slates. Accordingly, there is an urgent need for a commercialization-
level asbestos slate investigation methodology that can be directly applied in the industrial
field. Therefore, this study is expected to contribute to the industry by automatically
extracting asbestos and providing accurate address information.

However, in this study, the Faster R-CNN architecture detected the asbestos slate
through individual aerial still-cut images and estimated the location of the detected asbestos
slate through the use of orthoimages. Therefore, the fusion of these two data is necessary.
In addition, recent accuracy deep learning algorithms such as YOLOv5 have been released.
Our model has an accuracy of 98.9%, so it is judged that additional research applying
such a high-accuracy algorithm is necessary. Kim et al. conducted a study on the cost
of asbestos slate removal [33]. Combining this study with the research of Kim et al. is
expected to contribute to the field of asbestos slate investigation and demolition of large-
scale redevelopment sites.

5. Conclusions

Since the use of asbestos has been banned in many countries, asbestos slates must be
dismantled and removed due to their hazards. Accordingly, there is a need for an efficient
research method for asbestos slate instead of the visual inspection method. In this study,
we selected areas where the dismantling and removal of asbestos slates were anticipated
as the target sites. Then, a drone and Faster R-CNN were used to detect asbestos slates.
Furthermore, the locations of detected asbestos slates were estimated using the ArcGIS
Desktop program based on orthoimages and compiled cadastral maps.

Drone images were used to construct orthoimages with a location accuracy of root
mean square error (RMSE) X = 0.100 m, RMSE Y = 0.074 m, and a spatial resolution of GSD
1.59cm/pixel. In addition, images in the asbestos slate training data obtained through aerial
photography were used to train Faster R-CNN. As a result, a total of 91 asbestos slates were
detected in the target sites. The result shows that 91 locations were estimated from a total
of 45 addresses. To verify the estimated locations, an on-site survey was conducted. Based
on the analysis of the result, the location estimation had an accuracy of 98.9%. Therefore, it
is considered that the process of identifying asbestos slate roofs using drone images and
Faster R-CNN presented in this study can be a useful research method.

This study presented a methodology that can automatically detect asbestos slate and
accurately estimate its location. This is considered an efficient investigation that can change
the paradigm of the asbestos slate investigation method, which relies on visual inspection
currently. It is also expected to make a great contribution to the field of asbestos slate
investigation and demolition in the process of large-scale urban remodeling.
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