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A B S T R A C T   

Availability of high-resolution optical imagery and advances in image processing technologies have significantly 
improved our ability to map landslides. In recent years object-based image analysis (OBIA) has been gaining in 
popularity for landslide mapping due to its ability to incorporate spectral, textural, morphological and topo-
graphical properties. Many studies have been conducted based on commercial software. In this study, we create 
an open source Semi-Automatic Landslide Detection (SALaD) system utilizing OBIA and machine learning. 
Configured to run in Linux environment, it uses various open source Python packages and modules. This system 
was tested in 575 km2 area along the Pasang Lhamu Highway, Nepal where large numbers of landslides were 
triggered by the 2015 Gorkha earthquake. Comparison with a manual inventory highlighted that this system was 
able to detect 70% of the landslide area. The speed and efficiency with which this system was able to detect 
landslides makes it a viable alternative to manual techniques for landslide mapping over large areas, when 
establishing approximate landslide locations is of prime importance.   

1. Introduction 

A comprehensive landslide inventory detailing the spatial and tem-
poral characteristics of past landslides is fundamental for formulation of 
effective landslide hazard and risk management strategies (Corominas 
et al., 2014; van Westen et al., 2006). Conventionally, landslide in-
ventories are produced by field surveys and/or manual interpretation of 
aerial photos and satellite images (Guzzetti et al., 2012; Scaioni et al., 
2014). This is a time-consuming and subjective process, which can also 
be limited in space and time (Fan et al., 2019). Availability of high- 
resolution imagery and development of advanced semi-automatic or 
automatic processing techniques in recent years has significantly 
improved our ability to map landslides with less human interaction. 
Remote sensing classification/detection of landslides can be categorized 
into two groups: pixel-based and object-based image analysis (OBIA). 
The pixel-based method uses the spectral information of single pixels 
and has been successfully used to map landslides (Mondini et al., 2017, 
2011; Nichol and Wong, 2005). However, this method suffers from the 
salt-and-pepper effect due to single pixels being demarcated as land-
slides (Hölbling et al., 2017). In OBIA, segmentation is used to convert 
homogenous pixels into objects. Spectral, textural, morphological and 

topographical characteristics of these objects are utilized and have been 
found to detect landslides accurately with fewer false positives (Keyport 
et al., 2018; Moosavi et al., 2014). 

OBIA has been used to map landslides around the world (Amatya 
et al., 2019; Barlow et al., 2006; Blaschke et al., 2014; Comert et al., 
2019; Hölbling et al., 2020, 2015, 2012; Lahousse et al., 2011; Lu et al., 
2011; Martha et al., 2012, 2011, 2010, 2016; Rau et al., 2014; Sun et al., 
2017). Landslide detection using OBIA consists of two important steps, 
segmentation and classification. The main challenge in implementing a 
segmentation algorithm is determining the segmentation parameters. 
The segmentation parameters define the size of the objects. These pa-
rameters are often set using iterative trial and error methods and verified 
visually. Most of the studies utilizing OBIA for landslide detection in-
volves creation of a knowledge-based classification ruleset for classi-
fying segmented objects to landslides. The machine executable ruleset is 
created based on site-specific characteristics and manual thresholding of 
landslide diagnostic features (e.g. slope, relief). 

With a goal of automating OBIA-based landslide mapping, various 
machine learning techniques and methods estimating segmentation 
parameters have been tested. Segmentation parameter estimation 
techniques such as Estimation of Scale Parameter (ESP) (Drǎguţ et al., 
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2010), Plateau Objective Function (POF) (Martha et al., 2011), ESP-2 
(Drăguţ et al., 2014) and Optimum Scale Parameter Selector (OSPS) 
(Vamsee et al., 2018) have been used. Machine learning methods such as 
Random Forests (Chen et al., 2017; Stumpf and Kerle, 2011; Tavakkoli 
Piralilou et al., 2019) and Support Vector Machine (Heleno et al., 2016) 
have been successfully utilized. Although these improvements have 
significantly advanced automated/semi-automated landslide detection 
methods, the accessibility of available algorithms is an issue because 
most of the above cited studies have relied on commercial software. 

Open source tools reduce cost, offers users the flexibility to modify 
existing codes to best fit their application, and ease dissemination 
through code sharing services. Open source OBIA system development 
for broad application is an active field of research. Systems developed by 
Grippa et al. (2017) and Gonçalves et al. (2019) combine open source 
software such as GRASS GIS (https://grass.osgeo.org/), SAGA GIS (http 
://www.saga-gis.org) with R (www.r-project.org). Clewley et al. (2014) 
developed a Python based OBIA system with a ruleset based 

classification module. Knevels et al. (2019) combined GRASS GIS, SAGA 
GIS and R to establish an OBIA-based workflow for landslide detection 
using LiDAR. InterIMAGE (Costa et al., 2010) is another OBIA-based 
open source software used to map landslides (Amato et al., 2019; 
Hölbling et al., 2017). These studies highlight multiple ways open 
source systems can be utilized to achieve results following OBIA prin-
ciples. In this study, we create a Python-based open source Semi- 
Automatic Landslide Detection (SALaD) system combining OBIA and 
machine learning methods to eliminate the need for ruleset creation. 
SALaD was tested in 575 km2 area along the Pasang Lhamu highway in 
Nepal where a large number of landsides were induced by the 2015 
Gorkha earthquake using RapidEye (Planet Team, 2017) imagery. 

2. Study area 

The study area (Fig. 1) covers 625 km2 at the midpoint of the Pasang 
Lhamu highway in Nepal. The Pasang Lhamu highway connects 

Fig. 1. Location of the 625 km2 study area along the Pasang Lhamu highway with manually mapped landslides. The yellow tile highlights the subset area used for 
training. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Kathmandu, the capital of Nepal, with China and is very important for 
bilateral trade. The elevation in the area ranges from 604 to 4341 m and 
slope ranges from 0 to 76◦, with mean value of 30◦. Forest and agri-
cultural area are the dominant landcover types (Uddin et al., 2015). 
Geologically, the area is composed of higher Himalayan crystalline rocks 
mostly schist, quartzite, gneiss, and migmatite and lesser Himalayan 
Proterozoic phyllite, amphibolite, metasandstone, and schist (Dhital, 
2015).The average annual rainfall is about 691 mm (Tavakkoli Piralilou 
et al., 2019). 

Nepal lies in a seismically active zone forming the Himalayan arc as a 
consequence of the continental collision between the India and Eurasia 
plate (Ader et al., 2012). Northward underthrusting of India beneath 
Eurasia has been historically generating large earthquakes in this region 
(Ambraseys and Douglas, 2004). The 2015 Gorkha earthquake (Mw =

7.8) which occurred on 25 April 2015 and a major aftershock (Mw = 7.2) 
that occurred on 12 May 2015 are the most recent major earthquakes 
experienced in this region. The study area was severely affected by 
landslides during the 2015 Gorkha earthquake (Gnyawali et al., 2019; 
Xu et al., 2017). The landslides triggered by the Gorkha earthquake are 
mainly shallow-disrupted with long and narrow runout (Roback et al., 
2018). 

We created an inventory of landslides triggered by various agents (e. 
g., earthquake and rainfall). Specifically, we manually mapped 623 
landslides using the RapidEye imagery (Fig. 1). We did not differentiate 
landslide source and depositional areas and delineated them as a part of 
the same polygon. Landslides ranging in area from 260 to 496,426 m2 

were mapped. The study area was divided into two parts. A 50 km2 area 
(yellow polygon in Fig. 1) was used for training the machine-learning 
model and estimating segmentation parameters. The remaining 575 
km2 area was used for validation of landslides detected by SALaD. 148 
landslides were present in the training area and remaining 475 

landslides were in the validation area. 

3. Data 

We used an optical imagery from RapidEye acquired on 14 December 
2015 covering the whole study area for landslide mapping. Level 3A 
data are available in 25 km × 25 km tiles with a spatial resolution of 5 m. 
RapidEye has 5 bands (blue, green, red, red edge and near-infrared). 
Four bands (blue,green,red and near-infrared) with top of atmosphere 
radiance values were used. The data was available through the Com-
mercial Smallsat Data Acquisition Program (https://earthdata.nasa. 
gov/esds/csdap). The optical imagery was used in segmentation and 
creation of spectral and textural landslide diagnostic features. In addi-
tion to the optical data, we also utilized the 30 m NASADEM (Crippen 
et al., 2016), a reprocessed Shuttle Radar Topography Mission (SRTM) 
data with improve height accuracy and filled missing elevation data. The 
NASADEM was used to create topographical landslide diagnostic 
feature. 

4. Methods 

The SALaD system was developed in a Python environment using 
OBIA and machine learning methods and was configured to run in a 
Linux operating system (Fig. 2).This system was deployed in the 
Advanced Data Analytics Platform (ADAPT) at NASA Goddard Space 
Flight Center (GSFC)’s NASA Center for Climate Simulation (NCCS) 
(http://www.nccs.nasa.gov/services/adapt). We used a Linux virtual 
machine with 10 cores and 50 GB RAM. Details of individual processing 
steps are described below: 

Fig. 2. Flowchart showing each step of the OBIA-based SALaD system. The blue boxes are inputs to the system; yellow boxes are manual steps; red boxes are the 
Python processes and black boxes are outputs. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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4.1. Segmentation 

Segmentation is the first and most important step in OBIA. In this 
study we use Mean-Shift segmentation available in the ORFEO Toolbox 
(OTB), an open source image processing library develop by CNES, the 
French Space Agency (Grizonnet et al., 2017). OTB can be accessed in 
Python through the otbApplication module. The Mean-Shift algorithm, 
first proposed by Fukunaga and Hostetler (1975), is a non-parametric 
density gradient estimator which shifts points in the feature space to 
the local maxima of the density function by effective iterations and can 
achieve fast convergence. Comaniciu and Meer (2002) extended it to 
image segmentation. OTB implements a modified Mean-Shift segmen-
tation algorithm known as Large-Scale Mean-Shift segmentation (Michel 
et al., 2014). It requires three parameters: the spatial radius (hs) is the 
spatial distance between classes; the range radius (hr) is the spectral 
difference between classes; and minimum object size is the minimum 
acceptable spatial size of the class. The mean shift algorithm segments 
the image by grouping pixels that are closer than hs spatially and hr 
spectrally. 

The goal of image segmentation is to produce objects that are 
internally homogenous and heterogenous from its neighbours (Espin-
dola et al., 2006). We used Plateau Objective Function (POF) proposed 
by Martha et al. (2011) for segmentation parameter calculation. This 
method uses the objective function proposed by Espindola et al. (2006). 
The function aims at maximizing intraobject homogeneity and inter-
object heterogeneity. Intraobject homogeneity is denoted by variance 
and interobject heterogeneity is denoted by spatial autocorrelation 
index Moran’s I. The two parameters of the mean shift segmentation, hs 
and minimum object size can be determined heuristically based on 
properties of landslides in an image. hs can be set based on size of 
landslides. Larger hs will significantly increase the computation time. 
For this study, the hs was set as 10. The minimum object size can be set 
according to the smallest area of landslide to be mapped. We set the 
minimum object size as 10. Based on a single pixel area of 25 m2, this 
minimum object size will ensure landslides with an area of 250 m2 and 
above will be mapped. Keeping these two parameters constant, the 
range radius was varied to quantify object homogeneity and heteroge-
neity. Since this parameter estimation method requires segmenting an 
image with varying hr, implementing it over the whole satellite image is 
very time consuming. The segmentation parameter estimation was 
carried out in a subset area of size 50 km2 (yellow polygon in Fig. 1) that 
contained 148 landslides. The calculated segmentation parameter was 
then applied over the whole imagery for final segmentation. 

Segmentations were carried out with hs of 10, hr varying from 2 to 30 
with a step size of 2 and minimum object size of 10. For each segmen-
tation output, mean of brightness image (average of blue, green and red 
pixel values) for each objects were used for calculation of variance and 
Moran’ I. The intraobject homogeneity is calculated using weighted 
variance: 

v =

∑n

i=1
aivi

∑n
i=1ai

(1)  

where ai and vi are the area and intraobject variance of segment i, 
respectively. 

Moran’s I index is expressed as 

I =
n
So

*
∑n

i=1
∑n

j=1wi,jzizj
∑n

i=1zi
2 (2)  

where zi is the deviation of the brightness value of object i from its mean 
xi − X, wi, j is the spatial weight between objects i and j, which is one for 
adjacent regions or zero otherwise, n is the total number of objects, and 
So is the aggregate of all spatial weights 

So =
∑n

i=1

∑n

j=
wi,j (3) 

The objective function is defined as 

F(v, I) = F(v)+F(I) (4) 

Functions F(v) and F(I) are normalization functions 

F(x) =
Xmax − X

Xmax − Xmin
(5) 

The POF is created using 

F(plateau) = F(v, I)max − σ (6)  

where F(v, I)max max is the maximum value and σ is the standard devi-
ation of the objective functions calculated from varying hr. 

The POF value demarcates the lower boundary of the plateau in the 
curve created by plotting hr values and corresponding objective func-
tions in the x- and y-axes, respectively. The optimal hr values are the 
ones that correspond to objective functions above the plateau. The ob-
jects created using the optimal hr values will have high external and low 
internal heterogeneity levels (Van Den Eeckhaut et al., 2012). In this 
study, the hr value corresponding to the first peak above the plateau was 
chosen as a suitable value for optimal image segmentation. This hr value 
creates smaller -objects than subsequent hrvalues, and, hence, has the 
maximum chance of capturing small landslides (Martha et al., 2012). 

The Python packages, rasterstats (Perry, 2017) and GeoPandas 
(Jordahl, 2014) were used for weighted variance calculation. Moran’s I 
was calculated using PySAL (Rey and Anselin, 2010) package. hs of 10, 
optimal hr calculated from the POF and minimum segment size of 10 was 
used to segment the RapidEye image. The output of this step is a 
shapefile with segmented objects. 

4.2. Object metrics 

Stumpf and Kerle (2011) tested various landslide diagnostic features 
in different part of the world and found it to be site specific. In order to 
avoid creation of the excessive features, we used five features that were 
successful in classifying landslides in similar mountainous environment 
of Nepal (Amatya et al., 2019) and India (Martha et al., 2010). The 
spectral features used are normalized difference vegetation index 
(NDVI) and brightness. Textural features used are the all-direction Grey- 
level Co-occurrence Matrix (GLCM) mean and homogeneity computed 
from red band of RapidEye using Haralick’s method (Haralick and 
Shanmugam, 1973). The topographical feature, slope, was calculated 
from the 30 m NASADEM. Mean of each feature was calculated for all 
objects and used for landslide detection. 

OTB was used to create Haralick texture features. The GDAL (GDAL/ 
OGR Contributors, 2019) library was used for creation of spectral fea-
tures. The RichDEM (Barnes, 2016) and rasterstats Python packages 
were used for calculation of slope from NASADEM and calculation of 
object means respectively. 

4.3. Machine learning 

In this study we used Random Forests (RF), a non-parametric 
ensemble learning method for classification or regression based on 
several decision trees (Breiman, 2001). We chose RF because it is fast to 
train and has been successfully used for landslide detection (Chen et al., 
2018; Ghorbanzadeh et al., 2019; Stumpf and Kerle, 2011; Yu et al., 
2018). RF grows multiple decision trees on random subsets of the 
training data and related features. The final classifications are made by 
averaging the classification of each individual tree. RF can also estimate 
the importance of used features for the accuracy of a given classification. 
We used the RF classifier available in the Scikit-learn package (Pedre-
gosa et al., 2011). We used a RF model with 500 trees. 

The RF was trained on the same area used for segmentation 
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parameter estimation (yellow polygon in Fig. 1). Manually mapped 
landslide polygons in the training area were used to create the training 
dataset. 148 landslides were present in the training area. The segmented 
objects that had an overlap of 50% or more with the manual landslides 
were chosen as landslide objects, and all other objects within the 
training area were set as non-landslide objects (Stumpf and Kerle, 2011). 
The training data consisted of 1727 landslide and 15,751 non-landslide 
objects. Based on this data, a RF classifier was trained, and remaining 
objects in the validation area were classified. 

4.4. Post-processing 

Classified landslide objects were dissolved to obtain final landslide 
areas. A visual check was run to remove some obvious false positives 
such as roads, riverbanks, houses, and barren areas. 

5. Results 

5.1. Segmentation 

Fig. 3 shows the plot of objective functions for different values of hr. 
Using the POF value determined from Eq. (6), the plateau boundary was 
identified as 1.17. The hr values with objective functions greater than 
this plateau represents the optimal parameters. We selected the first 
peak above the plateau line, hr = 6 as the optimal parameter. The Mean- 
Shift segmentation was conducted with hs as 10, hr as 6 and mean object 
size as 10. Fig. 4 shows the results of segmentation using the segmen-
tation parameters. Landslide objects were clearly separated from other 
objects. 

5.2. Feature importance 

Permutation importance (Breiman, 2001) was used to evaluate 
feature importance (brightness, NDVI, GLCM mean, GLCM homogeneity 
and slope). The feature importance was calculated using the training 
dataset. In order to give equal weight to both classes, all landslide ob-
jects and an equal number of randomly sampled non-landslide objects 
were taken. 70% of the sample was used to create the RF model and 30% 
was held for validation. The importance of a feature is calculated based 
on the increase in the model’s error after permuting the feature. Each 
feature was permuted 50 times. Fig. 5 shows the feature importance plot 
for the landslide detection. Brightness is the most important feature for 
classification of landslides, while slope is the least. 

5.3. Landslide validation 

Fig. 6 a shows the SALaD-detected landslides for the 575 km2 vali-
dation area. Fig. 6 b shows a zoomed in view of landslides. In order to 
validate SALaD, the detected landslides were compared with 475 
manually mapped landslides not used in training. Three metrics based 
on overlapping area were calculated: true positive (TP), false negative 
(FN), and false positive (FP). TPs are correctly detected landslides; FPs 
are detected landslides that have not been mapped manually and FNs are 
manually mapped landslides not detected by the SALaD. These metrics 
were not based on the number of landslides because segmentation- 
derived image objects rarely correspond to single landslides due to 
over or under-segmentation (Hölbling et al., 2016; Rau et al., 2014). 
Based on these metrics, the two accuracy indices, producer accuracy 
(PA) and user accuracy (UA) were calculated as follows: 

PA =
TP

TP + FN
*100 (7)  

UA =
TP

TP + FP
*100 (8) 

The PA denotes how much of the manual inventory was detected. 
The UA denotes how much of the detected landslides are actual land-
slides. It was observed that the SALaD was successful in detecting 70% of 
the area of the manually mapped inventory (Table 1). UA was higher 
than PA, which suggest an underestimation of TP and an overestimation 
of FP. When evaluating based on the intersection of any portion of the 
manual and SALaD-detected landslides, a PA of 91% was obtained. This 
suggests that most landslides were detected using SALaD, but the areas 
were not always accurate. 

Additionally, we compared density maps based on areas of landslides 
detected by the SALaD and manually mapped inventory (Galli et al., 
2008; Martha et al., 2012). We use Slope Unit (SU) as a landscape 
partition method. It is an alternative mapping unit to grid cells and 
suggested as a well suited terrain subdivision for landslide susceptibility 
modeling (Carrara, 1988; Guzzetti et al., 2006, 1999). For the delinea-
tion of SUs, we use r.slopeunits, an open source software developed by 
Alvioli et al. (2016). Using this software, SUs subdividing the terrain 
between streamlines and ridges under the constrain of similar slope and 
aspect conditions were identified. 1470 SUs were obtained from the 30 
m NASADEM. The landslide density (i.e., percentage of SU area inter-
sected by landslides) was calculated by intersecting the landslide poly-
gons of SALaD and manual inventories with the SUs. Fig. 7 a and b shows 
the SU-based density maps created using SALaD-detected and manually 
mapped landslides. Although small variations exist, overall, the spatial 
distribution of landside area coverage is similar in both cases. Com-
parison of total area of landslides within each SUs for two inventories 
was also conducted using a scatter plot. The area of landslides within the 
SUs for SALaD-detected and manually mapped landslides were also in 
close agreement (R2 = 0.96) (Fig. 8). 

6. Discussion 

A Python-based open source SALaD system was developed 
combining OBIA and machine learning. One challenge with OBIA-based 
detection methods is the calculation of segmentation parameters, which 
often require significant trial and error as well as visual comparison. To 
address this issue, we used the POF method to determine segmentation 
parameters. In Fig. 3, all hr values corresponding to objectives functions 
above the plateau are optimal hr. In order to map small landslides, we 
chose hr corresponding to first peak above the plateau. The segmentation 
did result in some over segmentation (Fig. 4). Although the purpose of 
segmentation is to create meaningful objects, over segmentation is not 
necessarily a bad result. Generally, over segmentation is preferred to 
under segmentation because merging is possible in the final steps 
(Martha et al., 2010). A user can run segmentation with all suggested hr 

Fig. 3. Objective function curve for the RapidEye image. The horizontal dashed 
line marks the POF value which demarcates the plateau line. The peaks above 
the plateau line were used for selecting optimal hr. Based on first peak above the 
plateau line hr of 6 was chosen. 
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values and select the best one. One must note that use of higher hr values 
will result in larger objects, which can possibly limit the availability of 
objects for training purposes. Depending upon the area of landslide to be 
mapped, increasing the minimum object size will also solve this. The 
values of hs and minimum object size are site specific depending upon 
the size of the landslides whereas hr is scene specific depending upon the 
range of the pixel values. 

SALaD was tested by mapping landslides in 575 km2 area along the 
Pasang Lhamu highway in Nepal. SALaD was able to detect 70% of 
landslide areas when compared with a manual inventory. The SALaD 
system detected landslide scarps and large landslides well but failed to 
detect long narrow runouts (Fig. 9). These types of features lack distinct 
spectral characteristics as such segmentation was not able to form 
proper objects. Occlusion due to topography and remaining vegetation 
led to omission as well. Difficulty mapping flow type landslides for 

similar reasons has been found in other studies as well (Barlow et al., 
2006; Hölbling et al., 2016; Stumpf and Kerle, 2011). Spectral features 
were the most important feature for landslide mapping (Fig. 5). Some 
objects belonging to landslides that lacked distinct brightness and NDVI 
values were not classified as well. Another source of uncertainty is 
introduced by the manual mapping procedure, which is the main 
reference dataset used to train the machine learning model and validate 
detected landslides. However, the manual mapping process can also be 
highly subjective depending upon the person doing the mapping and 
method used (Ardizzone et al., 2002; Carrara et al., 1992; Fookes et al., 
1991; Guzzetti et al., 2012; Soeters and Van Westen, 1996). For instance, 
in an area affected by the 2010 Haiti earthquake, two research groups 
(Gorum et al., 2013; Harp et al., 2016) examined images having similar 
spatial resolution and mapped co-seismic landslides using similar visual 
image-interpretation techniques (Tanyaş et al., 2019). However, in an 

Fig. 4. a. Landslide in the study area; b. Segmented objects using hs of 10, hr of 6 and minimum object size of 10.  

Fig. 5. Landslide detection feature importance plot.  
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area of 4.9 km2 areal coverage, Harp et al. (2016) map 16,379 more 
landslides than the other research group. Also, within the same areal 
coverage, 18 km2 of landslides mapped by Harp et al. (2016) was not 
identified as landslide by Gorum et al. (2013) mostly because of the 
difference in their mapping preferences. Errors might have also been 
introduced during the creation of training data. We implemented an 
automatic labeling method to generate training data by labeling objects 
with an overlap of 50% or more with manual landslides as landslide 
objects and the remaining as non-landslide objects within the training 
area. This strategy minimizes the overall amount of mislabeling by 

Fig. 6. a. Spatial distribution of SALaD-detected landslides in the study area; b. Zoomed in view of green box in Fig. 6 a, showing SALaD-detected landslides. 
Landslides within training area are not shown. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 

Table 1 
Comparison of SALaD and manually mapped landslides based on overlapping 
landslide area.  

True positive 
(m2) 

False positive 
(m2) 

False 
negative (m2) 

Producer 
accuracy (%) 

User 
accuracy (%) 

2,687,530 698,151.2 1,127,140 70.45 79.38  

Fig. 7. Areal coverage of landslides mapped: a. SALaD; b. manual. Landslides within training area are not considered.  
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preventing objects with smaller overlaps from being labeled as landslide 
objects especially near the boundaries of the manual landslide polygons 
but there is still a chance of some marginal cases being mislabeled. Other 
studies have used an overlap percentage ranging from 50 to 75% (Chen 
et al., 2017; Knevels et al., 2019; Li et al., 2015; Stumpf and Kerle, 2011; 
Tavakkoli Piralilou et al., 2019). One should check the created training 
data and select the value accordingly. To avoid automating this step, 
training data could be created by manually selecting landslide and non- 
landslide objects from the segmented objects, but this could be very time 
consuming, depending upon the size and number of objects. 

Manual mapping of landslides within the study area took us about six 
hours (one hour in training and five hours in validation area). With one 
hour of landslide mapping in training area, we were able to complete the 
processing chain in 45 min. Removal of false positives such as roads, 
riverbanks, houses, and barren areas added another 15 min. SALaD was 
able to detect landslides in about an hour. Inventories produced by the 
SALaD system can provide initial assessment of landslides areas but 
should not be directly used for local hazard and risk studies without 

manual corrections. For applications where the approximate density of 
landsliding must be determined over a large affected area, the SALaD 
system can produce results much faster than manual mapping. It can 
also be coupled with slope units to better identify areas where roadcuts 
and/or infrastructures are likely to be affected by landslides after an 
earthquake or a storm. Clouds can be a severe limiting factor as SALaD 
uses optical imagery. Synthetic Aperture Radar (SAR) an active sensor 
operating in microwave frequency, penetrates clouds and provide day 
and night coverage. SAR and OBIA has been used to map landslides 
(Plank et al., 2015). Development of open source method (Esposito 
et al., 2020) to map landslide using SAR has opened new avenues to 
provide rapid response products. This is a viable alternative which can 
be updated in detail once the clouds begin to clear using optical imagery. 
However, in mountainous environments shadow and layover effects can 
limit the applicability of SAR. 

The processing chain can be easily adopted for landslide mapping in 
similar areas where landslides are synonymous with change in vegeta-
tion using optical imagery. The system configured for this study might 
not work for every case, so changes needs to be made according to the 
use case. A challenge with previous studies is that a variety of landslide 
diagnostic features were used without providing justification on why 
each of them was used and what value they added to the classification. 
While five features (NDVI, brightness, slope, GLCM mean and GLCM 
homogeneity) were effective in the Nepal case, the required features 
may be different in other study areas. For those instances, additional 
features can be used and RF can be applied to gauge variable importance 
and drop unimportant features for final classification. This step has also 
been shown to improve accuracy (Stumpf and Kerle, 2011) and simplify 
the processing. Brightness was the most important feature, while slope 
was the least (Fig. 5). Brightness has been successfully utilized as a main 
diagnostic feature to map landslides (Hölbling et al., 2016; Martha et al., 
2012). Rau et al. (2014) found brightness was sometimes more signifi-
cant than the NDVI when filtering out vegetation areas and bare soil. We 
used a coarse resolution pre-event NASADEM in our study area. Land-
slide signatures are not well represented in coarse pre-event DEMs 
which explains its low importance for landslide classification. Hence, 
use of a high resolution or post-event DEM will be useful. However, 
Stumpf and Kerle (2011) found feature importance to be site and 

Fig. 8. 1:1 comparison of manual and SALaD-detected landslide area under 
each SU. 

Fig. 9. Insets highlighting landslides mapped: a. manually; b. detected by the SALaD.  
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segmentation parameter dependent. Hence, this might not be the case 
everywhere. 

The possibility of implementing SALaD in parallel offers an oppor-
tunity to efficiently map landslides for large areas. Speed improvements 
can be made by configuring SALaD in a processing unit based on 
Graphical Processing Unit. Tavakkoli Piralilou et al. (2019) highlighted 
that an ensemble of machine learning algorithms offers better accuracy 
in landslide mapping than a single machine learning algorithm. In a 
rapid response scenario, the ability to separate event-triggered land-
slides from existing landslides will be very beneficial for identifying the 
most significant clusters of landslides and can be used to guide trans-
portation and distribution planning for resources to affected areas. If 
pre- and post-event images are available, a change detection-based 
approach will be beneficial for mapping new or event-triggered land-
slides only. Addition of image co-registration, image normalization steps 
and use of change detection-based metrics such as NDVI difference, 
Principal Component Analysis, Independent Component Analysis etc. 
(Lu et al., 2019; Martha et al., 2016, 2013; Mondini et al., 2013, 2011) 
can help achieve this. Advancement of the system in terms of these 
changes will be carried out in the future. As new and advanced Python 
packages becomes available, the flexibility of SALaD system enables 
complete replacement of existing packages or addition into the existing 
framework. We were also able to configure and run SALaD in a Windows 
environment. 

7. Conclusion 

The SALaD system was created by combining various open source 
Python packages and modules. The OBIA and machine learning-based 
method was tested mapping landslides in an area along the Pasang 
Lhamu highway in Nepal. Results show that the SALaD inventory has an 
accuracy of 70% compared to the manual inventory when looking spe-
cifically at landslide area. The SALaD system performs well in terms of 
detecting landslide initiation areas and large landslides but had trouble 
detecting narrow landslide runouts lacking distinct spectral character-
istics and occluded by topography and remaining vegetation. Therefore, 
we argue that the proposed method provides a viable alternative to 
manual techniques for establishing landslide locations within large 
areas quickly and efficiently. With further manual corrections, the in-
ventories could be significantly improved for more detailed analyses and 
research-quality assessments. This system can also be configured ac-
cording to need by removing or adding new components to the current 
processing chain. 
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