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ABSTRACT:

The Black Sea Region is one of the most landslide prone area due to the high slope gradients, heavy rainfall and highly weathered
hillslope material conditions in Turkey. The landslide occurrences in this region are mainly controlled by the hydro-climatic conditions
and anthropogenic activities. Rapid regional landslide inventory mapping after a major event is main difficulties encountered in this
densely vegetated region. However, landslide inventories are first step and necessary for susceptibility assessment since considering
the principle that the past is the key to the future thus, future landslides will be more likely to occur under similar conditions, which
have led to past and present instability. In this respect, it is important to apply rapid mapping techniques to create regional landslide
inventory maps of the area. This study presents the preliminary results of the semi-automated mapping of landslides from unmanned
aerial vehicles (UAV) with object-based image analysis (OBIA) approach. Within the scope of the study, ultra-high resolution aerial
photographs were taken with fixed wing UAV system on Aug 17, 2017 in the landslide zones which are triggered by the prolonged
heavy rainfall event on August 12-13, 2016 at Bartin Kurucasile province. 10 cm resolution orthomosaic and Digital Surface Model
(DSM) data of the area were produced by processing the obtained photographs. A test area was selected from the overall research area
and semi-automatic landslide detection was performed by applying object-based image analysis. OBIA has been implemented in three
steps: image segmentation, image object metric calculation and classification. The accuracy of the resulting maps is assessed by
comparisons with expert based landslide inventory map of the area. As a result of the comparison, 80% of the 240 landslides in the

area were detected correctly.

1. INTRODUCTION

Landslides are one of the major natural disasters that cause loss
of human life, environmental damage and economic loss (Chen
et al. 2014). Landslide susceptibility, risk and hazard analysis,
which are useful for land planning and natural risk management,
play an important role in reducing these losses and damages
(Catani et al. 2013). Fast generation of landslide inventory maps
after a major event is necessary both to carry out such analysis
and rapid damage assessments (Chen et al. 2014; Martha et al.
2012).

Remote sensing data enables more opportunity for landslide
inventory mapping. Traditional method based on the visual
interpretation one of the well-known methods. It was applied
different type of remotely sensed data such as aerial images (Van
Westen and Getahun 2003), medium resolution satellite images
(Petley et al. 2002), and high resolution satellite images (Nichol
et al. 2006). Although, visual interpretation provides much more
reliable information, it is time consuming due to the long manual
processing (Van Westen et al. 2008). Another method of
landslide inventory mapping is pixel based classification
methods. Unsupervised classification (Borghuis et al. 2007) and
supervised classification (Borghuis et al. 2007; Danneels et al.
2007) methods were successfully applied to the satellite image
derived event inventory mapping. Object-based image analysis
(OBIA) has become more popular in the field of remote sensing,
after increasing the number of satellite systems that offer much
higher spatial resolution. While pixel based classification uses
only spectral information of pixel, object based approach use
spectral, spatial, geometric and morphometric feature of image
objects (Martha et al. 2010). In many studies, OBIA was used
to create landslide inventory (Aksoy and Ercanoglu 2012;
Blaschke et al. 2014; Chen et al. 2017; Lahousse et al. 2011; Li

etal. 2015; Lu et al. 2011; Martha et al. 2010; Martha et al. 2011;
Stumpf and Kerle 2011).

Last decades, a new remote sensing platform that called
Unmanned Aerial Vehicle (UAV) was started to use land survey
applications. UAV platforms give several advantages such as low
cost, repeatable data collecting, ultra — high resolution images
and fly in cloudy weather over the aerial and satellite based
platform when the study area is small (Lelong et al. 2008). UAV
systems was used monitoring landslide in several studies
(Lindner et al. 2016; Lucieer et al. 2014; Niethammer et al.
2009), There is limited studies that focus on the landslide
mapping with UAV systems. (Rau et al. 2011; Shi and Liu 2015).
Therefore, it is necessary to investigate the feasibility of using
UAYV systems in landslide mapping in different regions.

Black sea region is one of the landslide prone area in Turkey.
Because of the high slope gradients and densely vegetated
condition terrestrial survey is difficult in this region. Also, due to
heavy rainy weather, cloud problems can arise when a new
satellite image is captured after a major landslide event. High
clouds do not prevent with image capture with the UAV systems.
It can be used as a useful system for rapid mapping of landslides
in this region in terms of collecting data without traveling over
the land.

The purpose of this study is to investigate the performance of
unmanned aerial vehicles in the mapping of forested landslides.
In the scope of the study, ultra —high resolution aerial image of
study area was obtained with UAV systems. Then orthomosaic,
Digital Surface Model (DSM) and Digital Terrain Model (DTM)
data was generated using aerial images and flight information.
OBIA was performed for mapping landslide using these data and
derivatives. The final obtained results based on the OBIA was
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assessed by comparisons with expert based landslide inventory
map.
2. METARIAL

2.1 Study Area

The study area is Kurucasile district, in Bartin Province of
Western Black Sea Region of Turkey (Figure 1). Because of the
heavy rainfall, rapid snowmelt, stream erosion, high slope
gradients and highly weathered hillslope material conditions, It
is one of the most landslide prone area in Turkey (Ercanoglu and
Gokceoglu 2004; Erener and Diizgiin 2013). Hydro-climatic

conditions and anthropogenic activities control the landslide
occurrence in this region.

There was a very heavy rainfall event in Bartin province On 12-
13 August 2016. It was determined that the amount of rainfall for
two days on Kurucasile is about 188 mm according to the data
obtained from the radar images. This amount is more than two
times higher than the August average for many years (1950-
2015) at this area. Heavy rainfall has triggered flood and
landslide events. Therefore, there has been a great deal of damage
to the house, workplace, roads and bridges (Bulut 2016). The area
selected for this study is a region where there are many landslides
affected by this event.
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Figure 1. Kurucasile study area in Bartin Province of Western Black See Region at Turkey

2.2 Specification of Used UAV Systems

In this study, fixed wing UAV system (Sensefly eBee Plus) was
used for aerial image collections. The system has 20 megapixel
RGB digital camera (S.0.D.A) which was developed for
professional photogrammetric drone mapping. Drone is
controlled with Emotion — 3 flight management software that
used for flight planning, simulation, flight control and
preparation of images for post-processing. It also has a RTK/PPK
systems which allows to precise positioning with horizontal
accuracy about 3 cm and vertical accuracy about 5 cm. Drone
cruise speed changes between 40 km/h to 110 km/h. It has up to
45 km/h wind resistance. UAV systems is 1.1 kg with 110 cm
wing span. Its flight time is nearly one hour for one flight.

2.3 Aerial Image Collection

Two different flights were performed to obtain aerial images of
all study area with fixed wing UAV system on 17 August 2017.
The flights planned 70% lateral overlap and 75% longitudinal
overlap with 5 cm ground sample distance (GSD). Images was

taken nearly 212 meters altitude above grounds. Totally 793
images were collected.

2.4 Data Processing

The images collected with the UAV system is processed in the
pix4d Mapper software. As a result of the data processing, a 10
cm resolution orthomosaic and DSM of the study area were
produced. Also, 50 cm DTM was generated for study area.

3. METHODS

The process steps applied in this study are summarized in Figure
2. Information about aerial image collection and data processing
is given section 2.3 and section 2.4. This section focuses on
OBIA which consists of image segmentation and classification.
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Figure 2. Process steps applied in this study

3.1 Object Based Image Analysis (OBIA)

OBIA is an image analysis method that provides effective and
automatic methods for very high resolution images in remote
sensing applications. Unlike pixel-based image analysis, it
involves analysing the spectral, textural, spatial and topological
relationships of images objects (Lang 2008). It consists of two —
staged approaches which are image segmentation and object
classifications (Baatz et al. 2008).

3.1.1 Image Segmentation

Aim of the image segmentation is generating homogenous image
objects from pixel or existing image objects. Several methods
have been developed for remote sensing applications over the
decades (Dey et al. 2010). Multi resolution segmentation (MRS)
is widely used method in landslide detection studies (H6lbling et
al. 2012; Martha et al. 2010; Stumpf and Kerle 2011). Therefore,
MRS was preferred in this study.

MRS starts one-pixel level and it composes image objects by
combining neighbouring pixels according to a certain spectral
and geometric homogeneity criterion. Some parameters such as
scale, shape, compactness and layer weight must be specified by
the user before segmentation to determine the optimum image
objects. The most important parameter is scale which directly
affect the image object size. While the large scale parameter
creates large image objects, the small scale parameter creates
small objects (Benz et al. 2004; Martha et al. 2010). Different
methods were applied to determine the optimum scale parameter
for landslide studies. Trial — error method is one of the used
methods (Blaschke et al. 2014; Dou et al. 2015; Martha et al.
2010). Also, automatic methods such as Estimation Scale
Parameter (ESP) tool (Dragut et al. 2014) was used to determine
optimum parameters (Eisank et al. 2014; Stumpf and Kerle
2011). In this study trial —error method was used to find optimum
parameters for MRS.

3.1.2  Object Classification

Classification of similar image objects is completed after the
segmentation phase. Object classification can be done using
machine learning algorithms (Chen et al. 2017; Dou et al. 2015;
Stumpf and Kerle 2011) or rule based classifications (Lahousse

etal. 2011; Rau et al. 2011). In this study rule based classification
was applied to the image objects.

The spectral bands of orthomosaic and DSM data were used to
developed rule sets for classifications. The study area is densely
covered with vegetation such as tree and grass. Normalized
Difference Vegetation Index (NDVI) was mainly used for
separation of vegetation from landslide candidates (Lahousse et
al. 2011). Due to the fact that the camera used in this study don’t
has near infrared band, Excess Green Index (EGI) (Woebbecke
et al. 1995) was used to separate the vegetation (Eq. (1)).

EGI= 2* Green -Red -Blue 1)

Some places in the study area are shadowed. Brightness value,
which is calculated as the sum of objects means in visible band
(Ciwis)) divided by number of corresponding bands (mn,;s)),was
used for separation of images objects that belongs to these places
from landslide candidates. Equation (2) presents calculation of
Brightness (B) value.

1 vis =
B= @Zin:l Ci(vis) )
The slope data which was created from DSM has been utilized
for the separation of the roads, few flat areas and river beds. Also,
extreme images objects between roads and forest was separated
using image object width and slope data.

3.2 Accuracy Assessment

Evaluated of the object based images analysis results for
landslide mapping and landslide inventory map for study area
was created by expert opinion. The success of the method was
determined by dividing true positive landslides areas into total
expert based mapped landslides areas.

4, RESULT
4.1 Results of Segmentation

Red, Green, Blue (RGB) and slope layers were used input data
for MRS. UAV flight was made nearly one year later after the
landslide event. Therefore, forest roads and landslides have
approximately the same spectral properties. When the image
segmentation was performed only using Red, Green, Blue (RGB)
layers, these areas could be segmented in same images objects.
Slope layer was added at the segmentation to prevent this
situation, because the roads have lower slope value than
landslides.

In this study single scale segmentation was used. Several
parameters were tried to determine optimum parameters for
MRS. After trial — error steps optimum parameters were
determined as scale 50, shape 0.3, compactness 0.5. Also equal
weight was given all layers. Using these parameters small images
objects were created. After classification steps, landslides
candidates were merged to generate exact landslides.

4.2 Results of Object Classification

In classification steps firstly, vegetation, roads, rivers beds, few
flat area and extreme image objects was separated from landslide
candidates. Then landslide candidates were merged.
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Table 1. shows the threshold value that was used rule sets for
separation value of land use objects from landslide candidates.
EGI generally gives useful results on vegetation if it is green. EGI
value higher than 1.09 was assigned to vegetation class. Slope
layer is more useful parameters for roads, flat area and river beds.
Because these areas have lower slope value (< 30%) than
landslide area. Shadow areas were eliminated using Brightness
value (<60). Because of the using slope layer in segmentation
steps, some extreme image object was created. These extreme
objects are caused by sudden elevation changes between the road
edges and the trees. They have extreme slope value. slope and
object width value was used to elimination of these kind of image
objects.

Parameters Threshold | Attended Class
Value

EGI >1.09 Vegetation

Slope <30% Roads, few flats
area, river beds

Brightness <60 Shadow

Slope >200 % Extreme image

Width <46 objects

Table 1. Threshold value of parameters which was used in rule
set to eliminates images objects from landslides.

After elimination of different land cover class from landslide
candidates, all candidates were merged to create final landslides.
Figure 3 shows the obtained landslides using OBIA. While Red
coloured polygons indicate the landslides which were extracted
by the methodology applied in this study. Blue bordered
polygons show the landslides that generated by experts.
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Figure 3. Results landslides maps, red coloured polygon shows

the OBIA based landslides, blue bordered polygons show
experts based landslides.

4.3 Accuracy Assessment Results

The landslide inventory map was created an expert. There are 240
landslides in the study area. 192 of the 240 landslides were
detected as true positive landslide by applied methodology. This
value equals 80% of total landslides.

5. DISCUSION

Rapid data collections are very important for landslide inventory
mapping studies using remote sensing techniques. Because
recent occurred landslides give more brightness value than other
land use types due to clearing of related areas. Data collection of
this study was performed nearly one year later the landslide
event. This situation effected the segmentation steps.

Our study area is densely vegetated area. These kind of areas
were easily eliminated from landslide area using NDVI indices
at satellite images based studies. EGI that was used in this study
can be an alternative to NDVI. However, this index has been
found to give good results when the vegetation is green.

Some of the landslides in the shadows and under the trees could
not be extracted applied methodology (Figure 4 (a) and Figure 4
(b)). The shadow has been a problem in this study as it is in many
remote sensing applications (Holbling et al. 2012; Rau et al.
2011). Also, some non — landslide area near the roads was
extracted as landslides (Figure 4 (c)). Many areas especially near
the roads detected as landslides like figure 4 (c).

(b) Landslides under
trees

(c) non — landslide area

Figure 4. landslide mapping problems (a): Shadow problem, (b):
vegetation cover problem, (c): falsely extracted landslides.

An advantages of UAV system, it gives both spectral information
and elevation information for the study area. It is possible to
create elevation data such as DSM and DTM using overlapped
images. Derivatives of DSM such as slope very important
parameters for landslides studies. In this studies slope were used
to eliminate many land use types.
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Study area don’t include complex land use types such as
buildings, different types of vegetation or bare soil area. The
performance of the UAV system should be tested on more
complex study areas.

6. CONCLUSION

Rapid landslide inventory mapping is important for landslide
prone areas. UAV systems can be a solution for such areas which
offres ultra-high resolution spatial data like orthomosaics and
DSMs. This study presents the preliminary results of a continuing
project which is semi-automated mapping of landslides from
unmanned aerial vehicles (UAV) with object-based image
analysis (OBIA) approach. According to obtained results forest
landslides mapped with accuracy of 80%. But some non-
landslides area was extracted as landslides. Only five parameters
were used for developing classification rule sets. In future
studies, the applied method will be developed by including
textural parameters and shape parameters and morphological
parameters of landslide such as terrain curvature, flow direction.
Automatic methods for image segmentation will be applied the
data set. Also, machine learning algorithm will be used for
classification steps.
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