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Abstract

Customary co-seismic landslide detection methods are meticulous, time demanding and very difficult to be
adopted for regional-scale assessment. To provide on time fast and updated slope failure information, over
the years numerous remote sensing based semi-automatic landslide detection methods have been developed
and applied. However, implementation of these techniques requires some vital considerations like accurate
and precise geometric correction, resampling and false positives elimination. To address these issues a new
change-detection based technique of COSI-Corr (Co-registration of Optically Sensed Images and
Correlation) has been adopted for mapping co-seismic landslides in Muzaffarabad area. However, due to
COSI-Corr high sensitivity for detecting changes on the sub-pixel level, it is prone to detecting changes
caused by vegetation, erosion and variation in built-up area size as false positive values. In this study, the
influence of various factors like vegetation, sedimentation, erosion and built-up areas on landslides automatic
detection results accuracy has been investigated. After the implementation of COSI-Corr technique, stepwise
masking is performed. The false positives are successively removed from the landslide class by eliminating
the noises resulting from drainage, urban sprawl and vegetation phonology. The results accuracy was
increased after the application of each mask. The number of false positives was greatly reduced by the
application of the vegetation-based mask. The best threshold found was 0.1 for which error of omission and
error of commission was less than 11%. The results also showed that satellite images with medium spatial
resolution could be successfully employed for the automatic detection of co-seismic landslides.

Keywords: COSI-Corr, Co-seismic landslides, False positives, Automatic technique.

1. Introduction The main problem in landslide
identification while using RS based semi-

Customary co-seismic landslide detection ~ automatic techniques is mainly limited by the
methods are conscientious, time demanding spatial resolution of the sensor. Landslides, as
and very difficult to be adopted for regional compare to other geographic objects, are
scale landslides assessment. To provide on  comparatively trivial in size. Therefore, most of
time fast and updated slope failure information ~ the times changes in landslides or failing slopes
over the years numerous Remote Sensing (RS) appear to be on the sub-pixel level, making it
based semi-automatic methods have been  tough for pixel-based and object-based
developed and applied. RS based techniques  techniques to be successfully detected
offer on time disaster responses over regional (Delacourtetal., 2004; Yamaguchi et al., 2003).
scale, especially for hard-hit and difficult-to- On the other hand, most of the landslide
access areas (Vu etal., 2005). These techniques ~ detection methods based on images comparison
include pixel-based (Delacourt et al., 2004; are frequently applied by using high-resolution
Keyport et al., 2018; Moosavi et al., 2014; imagery (Feizizadeh et al., 2017; Lee and Lee,
Sibaruddin et al., 2018), object-based (Aghighi 2006; Mondini et al., 2011; Nichol and Wong,
et al., 2015; Barlow et al., 2006; Casagli et al., 2005; Tsai et al., 2010; Weirich and Blesius,
2016; Ling et al., 2008; Martha et al., 2010; 2007). In this kind of analysis, high cost and
Martin and Franklin, 2005; N. Keyport et al., pre-and post-event requirement of very high-
2018) and sub-pixel based techniques (Mertens ~ resolution data (Mondini et al., 2011), makes it
etal.,2008; Thornton etal., 2006). impossible to be adopted on a regional scale.
Therefore, constant exertion is essential to
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expand the mentioned techniques for effective
landslide detection (Debella-Gilo and Kééb,
2011).

Implementation of RS based techniques
require some vigorous considerations like
accurate and precise geometric correction on
the sub-pixel level, resampling and effective
false positives elimination. Furthermore, in
change detection-based RS techniques it is of
high importance that the image information
from the raw remotely sensed satellite images
should be sufficiently aligned and registered on
the sub-pixel level before the correlation
processes. However, the more we focus into
detecting geographic entities and its changes on
sub-pixel level, more challenges are confronted
related to preservation of sub-pixel information
during resampling (Inglada et al., 2007; Keren,
1988; Kimetal., 1990; Yamaguchi et al., 2003),
correct ortho-rectification and co-registration
(Bryant et al., 2003; Saba et al., 2017;
Townshendetal., 1992).

To address these issues for correct co-
seismic landslides mapping a new change-
detection based technique of COSI-Corr has
been successfully developed and adopted in the
Haiti area after the 2010 earthquake(Saba et al.,
2017). Although, COSI-Corr performed well in
term of co-seismic landslides detecting in Haiti
while using an ideal very high-resolution
worldview-2 dataset. The main challenge was
to test its transferability and robustness in a
rough topographic area of Muzaffarabad for co-
seismic landslides detection using a medium
resolution ASTER dataset. Owing to COSI-
Corr high sensitivity for detecting changes on
the sub-pixel level, it is considered vulnerable
to detecting many changes caused by
vegetation, erosion and variation in a built-up
area as false positive values (Saba et al., 2017).
Therefore, this study focuses on the influence
of various factors like vegetation,
sedimentation, erosion and built-up areas on
landslides automatic detection accuracy
through COSI-Corr, while using medium
resolution data has been investigated.

2.Study area
The study area, Muzaftarabad is located in

the north of Pakistan. This region is recognized
for its dynamic seismic-tectonic activities
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(Kazmi and Jan, 1997; Zar¢ et al., 2009). It is
tectonically an active part of the Lesser and
Sub-Himalayan belt that is located in the core
and limbs of the Hazara-Kashmir Syntaxis
(Bossartetal., 1988; Calkins etal., 1975) and at
the junction of the northwest Himalayas of
northern Pakistan (Fig. 1). Therefore, structure
plays a key role in the preparation of landslides
in the selected study area (Kaneda et al., 2008).
An active tectonic Balakot-Bagh Faultline
passes through the middle of the Muzaffarabad
area (Kazmi and Jan, 1997). Topographically
majority of the study area is mountainous and
surrounded by steep slopes (Saba et al., 2010).
Geology of the study area is comprising of
various formations composed of sandstone,
limestone, shale, alluvium and siltstone.
Colluvium and alluvium deposits are sited at
the slopes bottom and drainage lines. A major
earthquake with moment magnitude Mw = 7.6
hit the study area in 2005, prompting a seventy-
kilometer long rupture along Balakot-Bagh
Faultline (Avouac et al., 2006; Kaneda et al.,
2008). The 2005 earthquake not only triggered
hundreds of landslides but it also destabilized
the surrounding slopes (Jayangondaperumal
and Thakur, 2008; Saba et al., 2010) by creating
fissures, crack and crumbling rubble along the
Faultline.

Local geological structures have great
influence in shaping local drainage pattern in
the area (Kamp et al., 2008). Drainage density
and slopes closeness to drainage structures is
also associated to the erosional activity at slope
bottoms in valleys consequently making areas
destabilized that causes slope failures
(Gokceoglu and Aksoy, 1996;
Jayangondaperumal and Thakur, 2008; Yalcin,
2008).

3.Inputdata and processing

The methodology process is systematized
into two groups of tasks. The first group of tasks
(section 3.2 and 3.3) includes ortho-
rectification, co-registration and correlation of
optical ASTER imagery, with the software,
COSI-Corr explained by Leprince et al., (2008)
and Saba et al., (2017). The second group of
tasks (section 3.4) comprises noise removal or
data masking and evaluating the role of various
factors causing noise in the results.
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Fig. 1. The relative and absolute location of the study area map.

3.1. Imagery and Digital Elevation Model
(DEM)

In this study we used pre- and post-event
ASTER level 1A imagery (Table.4.1) with a
time span of four years, obtained for November
14, 2001, and October 27, 2005. These images
were cloud-free ASTER scenes. Additional
pre-and post-event IKONOS and Quickbird
images were used for ground control points
(GCPs) collection and validation dataset
preparation (Saba et al., 2010). The method of
automated stereo correlation (Hirano et al.,
2003) was used to produce 15 m resolution
DEM with the maximum possible level of
detail (Table.1). The gaps were filled by the
interpolation process. DEM accuracy was
checked against GPS points. Drainage pattern
was extracted, which were later on used for
further analysis while distinguishing landslides
from the other displacement values.

3.2. Ortho-rectification/Resampling

For the ortho-rectification of pre-
earthquake raw ASTER L1A VNIR image, 20
well spread tie points, located on stable
features, away from the deformation zone and
image corners were selected from an already

39

ortho-rectified IKONOS imagery. The selected
tie points were optimized by using optimization
function with five iterations in COSI-Corr, to
confirm accurate co-registration between
IKONOS and ASTER images. The list of tie
points was then converted to GCPs. The GCPs
with high residual error were eradicated. The
pre-earthquake image was then ortho-rectified
and resampled with the calculated GCPs and
pre-earthquake DEM. The same procedure was
followed for the ortho-rectification of post-
event image except for this time the rational
polynomial coefficients (RPCs) were selected
from the pre-event imagery. According to
Leprince et al. , the ideal resampling method
sine cardinal (Sinc) was followed for the
resampling of both images. The images were
then co-registered with a 1/50 of pixel accuracy
using Cosi-Corr software , which mean the
minimum achievable accuracy for
displacement measurement was 1/20 of a pixel
(75cm for ASTER 15m). To assume the
topography unchanged (as the technique
undertakes the unchanged topography
throughout the process) before and after the
landslide occurrence both the images were
ortho-rectified with only the pre-event ASTER
DEM.



3.3. Sub-pixel correlation of ASTER optical
images

The images were orthorectified, co-
registered and aligned to their on-ground seeing
geometry. Relative offset values were
calculated among both pre- and post-
earthquake satellite images. In this method, the
correlation is done in dualistic phases. First, it is
performed on the supera-pixel scale in which
the change among the satellite pre- and post-
event images from their associating matrix is
extracted taken out. In the second phase, the
extracted shift for each pixel is adapted by
rounding up the slope variance of both the
images by Fourier conversion (Ayoub et al.,
2009). The initial window size was set to 32 and
the final window size to 4. The step size was
kept below the initial window size (at 2). To
eliminate any possible outliers, the masking
threshold (signal to noise ratio) was kept
constant at 0.90. The final correlation was
assessed by measuring horizontal shift
components that happened in all four directions
of east, west, north and south. To evaluate the
accuracy of outcomes, a separate layer of the
signal to noise ratio was also automatically
computed with the correlation, as defined in
Leprience et al. (2007). As in this study, we
were interested into full displacement of each
pixel irrespective of any special direction (east,

west, north or south), therefore vectors were
calculated by combining the displacement in all
four aspect directions.

3.4. Isolation of co-seismic landslide by
excluding the following masks

After the application of Cosi-Corr,
developed and modified for landslide
identification by Saba et al, (2017), the
systematic masking was performed to eliminate
the high displacement values caused by
manmade (construction etc.) and natural
activities (erosion, sediment deposition on both
sides of streams, deformation due to seismic
effects etc.). These masks include drainage
lines mask, plane area mask (i.e., very gentle
slopes and flat terrain) and NDVI mask
(separating vegetated and non-vegetated
areas).

3.4.1.Preparation and execution of drainage
mask

The high density of false positive values was
observed along the banks of rivers and
streamlines. Problems due to false positive
values in these cases were addressed by
subtracting the main drainage lines from the
correlation image. The mask was generated by
manual digitization of main drainage lines from
IKONOS image.

Table 1. Presents spatial and temporal characteristics of the data used in this study, along with

details on the acquisition parameters.

Data Data type Spatial Spectral Res Acquisition
Resolution date

ASTER 2000 Image 15m Band 3N (Near infrared)  14/11/2000
hdf (levellA) 0.78-0.86

ASTER 2005 Image 15m Band 3N (Near infrared)  27/10/2005
hdf (levellA) 0.78-0.86

ASTER 2000 DEM 15m - 14/11/2000
ASTER 2005 DEM 15m - 14/11/2000
Landslide Geo tiff Im Created from 12/10/2005
inventory pan-sharp Ikonos
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3.4.2.Plane area mask construction

As a slope failure is referred as the
alteration of a mass of rock, earth or debris
down a slope (Cruden, 1991), therefore, the
main distinguishing characteristic of false
positives values caused by any other feature
rather than landslide from the true positives was
their presence on plane areas. A mask of the
plane and the non-plane area was generated
from the ASTER DEM by using internal relief
variation filters in ILWIS software (Nijmeijer et
al., 2001). If the internal relief of the adjacent
pixels was less than 10m within 5*5-pixel
window (75m*75m area) then it was classified
as plane otherwise un-plane area.

3.4.3.Preparation and execution of vegetation
by NDVImask

In the present study post-event, NDVI was
used as a mask of vegetation and non-
vegetation areas to eliminate vegetation change
effects. Typically, vegetation has NDVI values
in the range from 0.1 to 0.7 (Roettger, 2007).
Therefore, the threshold of NDVI greater than
0.1 was applied to separate vegetated from non-
vegetated areas. The accuracy of the threshold
was also tested by overlaying the binary image
on the IKONOS imagery of the area available
for the same date.

3.5. Accuracy improvement and quality
assessment

To assess the quality of measurements
after image classification and the application of
each mask, accuracy assessment was done for
each threshold level (fourteen threshold values)
of the map. It was implemented in the form of
standard error matrices that compares image
classification result with ground truth data
(Congalton, 1991; Czaplewski and Catts, 1992;
van Oort, 2007).

To further evaluate the results and validity
of classification the following derivatives from
the error matrix were calculated.

Producer's accuracy was calculated by
using a number of correctly classified pixels
(e.g. landslides) to the total number of pixels
assigned to that category by the ground truth
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data. It is a measure of error of omission, that
occurred when pixels should have been
incorporated into the category of “landslide”,
but were included into “no landslide” category
by the classification. In other words, the pixels
were omitted from the particular class.

User's accuracy was measured by using
the number of correctly classified pixels to the
overall number of pixels allocated to a specific
category by the classification map. It is a
measure of the commission error. Commission
error occurred when pixels other than
landslides were incorporated into category
“landslides” or simply; the pixels were
assigned to the wrong class (Jensen, 2005).

The overall accuracy was determined by
summing all the correctly identified pixels and
dividing it by the sum of all incorrect
observation (Jensen, 2005).

Sensitivity is the fraction of positive
pixels correctly predicted and “1-specificity”
representing the probabilities of committing or
an error of commission (false positive).

Specificity is the fraction of negative
pixels correctly predicted and “1-sensitivity”
represent the probabilities of committing an
error of omission (false negative) (i.e., the
probability that a pixel not belonging to a
particular category is correctly identified.

The receiver operating characteristic
curve (ROC curve) plots the rate of true positive
to positive classifications against the rate of
false positive to negative classifications.

4. Results and discussion

The results were classified into the slide
and no-slide classes using various threshold
values, as all image algebra change detection
algorithms need a suitable threshold selection
to identify landslides. The position of the
threshold can greatly affect the final accuracy
(Fung and LeDrew, 1988). Therefore, we
calculated accuracies for 14 different
thresholds (displacement value > threshold
=*“change”), starting from the minimum
displacement value to the maximum (Fig. 2). To
have a better understanding of the relationship



among the producer's accuracy, user's accuracy,
the error of omission and error of commission
for each threshold level of the results, we
plotted all these values against each other on the
same plot (Fig. 2). This also demonstrates the
relationship between the threshold variation
and its effect on the variation of prediction
accuracies. At threshold zero almost all
occurred changes were classified as
“landslides” and all those points which did not
change were classified as “no landslides”. The
threshold value (0.1) had a large disparity
between producer's (97%) and user's (11%)
accuracy. This means that 97 percent of
landslides are correctly identified but only 11%
of the area that is classified as “landslides™ is
truly landslide.

Producer's accuracy is affected by errors
of omission and it reflects the reference field's
omission. Conversely, user's accuracy is
influenced by errors of commission and it
reflects when classified samples are wrongly
included.

It is also visible that the error of Omission
is low for the first three thresholds (< 20%) but
the error of Commission is greater than 80%.

This indicates the presence of high confusion
which has been caused by a large number of
false positives and false negatives present in the
results. It also represents that during the time
period 2001 to 2005, many pixels were shifted
causing high noise even though these pixels
were not landslides. In practice, for reducing
noise, caused by attitude (roll, pitch, and yaw)
artefacts undulating observing platform, the
correlation results are de-striped (Ayoub et al.,
2008; Necsoiuetal., 2009; Scherleretal., 2008;
Teshima and Iwasaki, 2008). However, in this
case study, de-striping was actually reducing
the accuracy of landslide detection. This
indicated that false positives were not produced
due to positional errors or platform undulations.
Regardless of the fact that both the pre- and
post-event image acquisition dates were
selected from the same season (October and
November) to minimize spectral differences,
between the two images; other changes (mostly
temporal) i.e. phenology, cloud cover, sun
angle and shading directly or indirectly),
introduced high complexity in differentiating
landslides from other changed features (Jensen,
2005).
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axis and error of omission versus error of commission on a secondary
axis for fourteen different threshold values.
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Fig. 3. It shows the correlation results with many noisy patches (changes other than landslides) caused by new
constructions, vegetation changes, and river banks erosion and deposition. The details of landslide
inventory for this area can be found in (Saba et al., 2010).

In order to distinguish displacements
caused due to landslides and other changes, it
will be good to select displacement threshold
with high producer accuracy and develop rule-
set or series of masks for characterizing
landslides; and then implement them on the
correlation results. To do so, we investigated
the false positive showing high displacement
values by comparing the high-resolution
IKONOS and Quick Bird pre- and post-event
images. From the interpretation, it was
identified that factors like vegetation change,
topographic shadows, erosion, deposition
along the drainage lines and urban sprawl were
influencing the results. An attempt was made
to reduce the number of these false positives by
applying a series of different masks. The
images were reclassified into binary maps of
change (landslide) and no change (no
landslide). The accuracy of the reclassified
result has been assessed by creating ROC
curves. The results have been discussed
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independently in the following paragraphs after
the application of each mask.

4.1. Roleofdrainage lines

First, the main reason for noise or false
positive values in and along the drainage lines
(streams, river banks and meanders) were
inundation and sedimentation by streams and
rivers. This was predominantly visible along
the meandering sides of the river Neelum and
some narrow stream valleys of Khata Shawai
(Fig. 3). Secondly, when approaching towards
the landslide toe area along the streamlines, the
displacement values are inclined to increase,
causing the valley bottom pixels to attain the
highest displacement values which are
consistent in narrow stream valleys throughout
the study area (Fig. 3). The north-south and
east-west components of the surface
displacement field in these narrow valleys
indicated a maximum displacement.



After the introduction of the drainage
mask, false positive values have been decreased
(Fig. 4). For example, at threshold value 0.1,
the false positive rate for landslides has been
decreased from 0.93 to 0.87, which is a
decrease of 6% error of commission. While for
the same threshold, the true positive rate
remained almost unchanged with only 0.01
decrease. The decrease in true positive rate is
caused by the removal of valleys bottoms along
the streamlines, which also eliminated a few
pixels that were parts of depositional bodies of
landslides. The same increase and decrease
trend can be noticed for other threshold values
as well (Fig. 4). Generally, the true positive rate
for each threshold increased following the
drainage mask application.

4.2. Plane area mask

Some false positives were identified in the
correlation images due to several natural and
man-made changes in urban areas (i.e., new
built-up areas, roads pavements, erosion,
terracing ground deformation and subsidence,
etc.) either located on very gentle slopes or flat
terrain. These were eliminated by masking the
plane areas (Fig. 5) from the results. After the
application of the plane area mask to the
correlation results the true positive rate
(sensitivity) at threshold value 0.1 remained the
same but false positive rate decreased from 0.85
to 0.74, a total of 0.11 (11%) decreases.
Elimination of newly constructed buildings on
slope areas of southern Muzaffarabad in this
period (2001 to 2005) is still difficult to be
masked completely with the use of plan area
mask. This mask could be further improved by
creating a built-up area mask and plane area
mask separately.

4.3. Roleofvegetation change

Spatial and temporal changes in
vegetation over time create significant
variation, therefore those arecas where
vegetation changes had occurred were detected
as changed patches and ultimately as
landslides. In the past, NDVI has been
effectively adopted to differentiate landslides
from other changes (Barlow et al., 2006;
Schneevoigt et al., 2008). Therefore, in this
study, an effort has been made to solve the
problem of false positives caused by vegetation
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changes by masking the areas with vegetation
or eliminating areas having NDVI value greater
than0.1.

After the application of the NDVI masks,
false positive rate (l-specificity) greatly
decreased from 0.74 t0 0.9 (Fig. 4). However, at
the same time sensitivity also decreased from
0.96 to 0.89.4 (89 %). Now for threshold 0.1,
the sensitivity was 0.89, corresponding to only
10.6% probability of an omission error.
According to Mather (2004), NDVI also
compensates for topography induced variation
in scene brightness, which is one of the main
reasons for the great decrease of false positive
rate (1-specificity). Therefore, it reduced the
false positive values caused by vegetation
variation due to topographic shadowing
differences as well. At the same time, many
landslides located in steep slopes shadows were
also eliminated causing the decrease in the
sensitivity of the map and increase in the error
of commission. Another reason which caused
the decrease in sensitivity is that even after the
failure of slopes, few landslide bodies were
intact and were having traces of vegetation. By
applying the NDVI mask (areas having NDVI
value >0.1), we also deleted those areas which
were actually vegetated landslides. Even then
the improvement in the elimination of false
positives was so high that 1-specificity or false
positive rate has decreased from 0.74 to 0.9

(Fig.4).

Overall by plotting the ROC curve after
the application of each mask with respect to all
threshold levels, we can see a continuous
improvement in the results (Fig. 4). These
curves are getting higher after the application of
each mask which shows the model is
performing better regardless of what threshold
is used. Comparison of ROC curves also
illustrates that the false positive rate has
decreased after the application of each mask;
nevertheless, the highest decrease was
witnessed after the application of NDVI mask.
This indicates that the highest source of
commission error was from forest or vegetation
change in the study area. Selecting a suitable
threshold to separate landslide from no
landslide requires a compromise between
sensitivity and specificity, as both cannot be
maximized concurrently. Therefore, after the
application of NDVI mask, if we want to select



an optimal threshold, it will be 0.1 for which
both the error of omission and error of
commission are reduced to less than 18% (Fig.
4).

The classification results for the selected
threshold 0.1, eliminated most of the noise
caused by vegetation changes, shadow effects,

sedimentation, and erosion along the
streamlines, river banks and built-up areas (Fig.
6). Despite the fact that the landslide
identification through sub-pixel correlation
method results in the noisy performance by
showing many changes caused by other factors,
it has still performed better than the previous
landslide identification techniques.
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Fig. 4. Relative Operating Characteristic (ROC) curves show the rate of true positives versus
false positives for the pure correlation results (no mask) and after the application of each
mask, respectively for all the fourteen scenarios or threshold values. All of the curves
achieved an increase in the area under the ROC curve after the application of each mask.
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5. Conclusion

This study presents a systematic approach
by using a stepwise binary masking idea to
enable a significant reduction in false positive
from the correlation images, caused by several
spatial and temporal changes.

Although this technique for the automatic
detection of the landslide on sub-pixel level
proves to be one of the best techniques, even
then it suffers from some minor problems of
having a high number of false positive values.
The noise is produced by numerous factors like
platform changing attitude through the
scanning process, DEM errors, natural features
(vegetation change, shadowing effects, erosion
and sedimentation) and man-made structures
(urbanization). These false positive values
degrade the interpretability of the data and
decrease the accuracy of the results. Numerous
methods have been suggested to deal with the
noise produced due to spatial errors (that affect
spatial accuracy) like platform attitude
problems (Ayoub et al., 2008; Necsoiu et al.,
2009; Scherler et al., 2008; Teshima and
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Iwasaki, 2008), DEM errors (Ayoub et al.,
2009; Scherler et al.,, 2008) and inaccurate
resampling and correlation but nothing has
been applied to remove the false positive values
or thematic errors caused by pixel-shifts
representing manmade and natural changes like
urban sprawl, spatial and temporal vegetation
changes, changes in non-perennial streams and
inundation and sedimentation changes in the bi-
temporal images.

Hence, landslide automatic identification
based on the displacement measurement
technique from the bi-temporal imagery alone
may not be adequate to detect landslides
effectively. Therefore, a detection approach
that incorporates data from other sources might
be more effective than the one based solely
upon the displacement measurement from bi-
temporal remote sensing images. This study
aimed to investigate the influence of each factor
(i.e., vegetation, sedimentation, erosion and
built-up areas) contributing to false positives
values and an effort has been made to reduce the
number of these false positives by combining
information from the normalized difference



vegetation index (NDVI), drainage pattern and
built-up areas.

The stepwise masking was performed
after the application of Cosi-Corr technique
(co-registration of optically sensed images and
correlation), developed and modified for
landslide identification by Saba et al, (2017).
The false positives are sequentially eliminated
from the landslide class by removing the noises
resulting from drainage, urban sprawl and
vegetation phonology. The false positives are
successively removed from the landslide class
by eliminating the noises resulting from
drainage, urban sprawl and vegetation
phonology. The results accuracy was increased
after the application of each mask. The number
of false positives were greatly reduced by the
application of the vegetation-based mask. The
best threshold found was 0.1 for which error of
omission and error of commission was less than
11%. The results also showed that medium
spatial resolution imagery (ASTER) may well
be utilized in an irregular topographic area like
the Himalayas to inevitably distinguish above
90% of slope failures. The application of this
technique along with considerately prepared
masks will additionally enhance the rapid
detection of co-seismic landslides on a regional
scale in a cost-effective way. Cosi-Corr will
also help in evading remote sensing-based
techniques that require intensive analysis
involving enormous rule-sets. Unlike OBIA
technique, that performs well only using high-
resolution satellite images (Mondini et al.,
2011), Cosi-Corr is claimed to perform well
while utilizing medium spatial resolution (5-
15m) satellite data Saba et al., (2017). Which
makes it economical and possible to be adopted
onaregional scale.
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