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ABSTRACT

Repeated temporal mapping of landslides is essential for investigating changes in landslide
movements, legacy effects of the landslide triggering events, and susceptibility changes in the
area. However, in order to perform such investigations, multi-temporal (MT) inventories of land-
slides are required. The traditional approach of visual interpretation from cloud-free optical remote
sensing imageries is time consuming and expensive. Recent endeavors exploring Convolutional
Neural Networks and deep learning models have made rapid and accurate mapping of landslides
feasible but have not been applied for multi-temporal landslide mapping in the Himalayas, yet.
Earlier models used a standard supervised learning approach, with a small landslide inventory over
a limited area used for training, which is then utilized to predict landslides in nearby areas. We
propose a new strategy, using geographically separate training samples to design a standard
approach which can be utilized to create multi-temporal landslide inventories. RapidEye images of
5-meters spatial resolution are used to generate MT landslide inventories in the study area of
Rasuwa district, Nepal. We test the effectiveness of the model by training with only 55 landslides
and predicting for a different area. Then, using the weights attained from this first training phase,
we use transfer learning to map landslides over a time period between 2013 and 2019 in the
Rasuwa district attaining an average F1-score of 0.69 for the study area. We also perform a spatial
comparison between the manual (observed) and predicted inventories to evaluate the differences
between landslide densities and overall landslide statistics of landslide area distribution. The
benefit of a transfer learning-based model training is that it circumvents the need for generating
annual inventories for training a deep learning. A single event-based inventory is enough to
generate landslide inventories over a number of years, at least until landslide conditioning factors
do not change significantly. This application can enable automated workflows to generate MT
landslide inventories of particular areas as the basis for landslide evolution and movement change
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1. Introduction

Landslides are major causes of loss to life, livelihood,
and property due to their destructive nature and
dynamic behavior. Slope failures are caused by
a combination of inherent slope, soil, and geomorphic
process elements as well as triggering factors such
rainfall, earthquakes, and human activity (Ozturk et al.
2022; Serey et al. 2019; Wang et al. 2019).

Landslide inventories are the foundation for evalu-
ating the hazard and risk induced by land sliding (Van
Westen et al. 2013; Metternicht et al.,, 2005; Soeters &
Van Westen, 1996; Sreedevi & Yarrakula, 2016). With
the help of inventories, we can store crucial informa-
tion related to the time of occurrence, type and the

initiation and runout components of landslides.
Incomplete and inaccurate landslide inventories can
seriously affect the reliability of hazard and risk maps,
and the availability of reliable and fast landslide map-
ping methodologies is fundamental. These inven-
tories carry information about the landslide date of
occurrence, triggering factors, volume of the failure,
and type of failure, which enables us to understand
the spatial-size distribution and characterization of
the landslides (Catani et al. 2005; Hervas and
Bobrowsky 2009; Korup, Goriim, and Hayakawa
2012; Pokharel, Alvioli, and Lim 2021; Rana, Ozturk,
and Malik 2021, 2022). Both point- and polygon-based
landslide inventories are essential in applications
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related to developing early warning systems or near-
real time predictive tools but the latter is useful for
rapid landslide hazard assessment (Tanyas et al. 2017).

According to Guzzetti et al. (2012), landslide inven-
tories can be generated using tools and techniques
such as 1) field surveying, 2) remote sensing image
interpretation, and 3) image processing tools for
image classification and/or segmentation. However,
here are still not enough effective and reliable ways to
quickly gather data on landslide occurrences, despite
all the technologies that have been devised and
tested, especially to map landslides over a given per-
iod of time. Because of this, the majority of landslide
inventories that are currently available are either his-
torical (all past and present occurrences are mapped
together without information on activation period) or
event-based products (only recently failed landslides
are mapped as related to a triggering event, without
reference to previous occurrences and potential reac-
tivations of the same). An operational capacity for
a real multi-temporal (MT) landslide mapping techni-
que is required to circumvent this limitation.
Particularly in the most repeatedly susceptible
regions, a standard and openly accessible database
information with polygon-based recorded landslides
with information or documentation of previous land-
slides is essential. This is where multi-temporal land-
slide (MTL) inventories come handy and allows for
many applications including but not limited to 1)
developing dynamic hazard tools, 2) landslide mobi-
lity studies, 3) exploring landscape evolution process
with respect to the landslides as well as in response to
climate changes (Althuwaynee, Pradhan, and Lee
2012; Chen et al. 2019; Dahal et al. 2022; Jones et al.
2021; Tanyas et al. 2021), that 4) enables studying the
spatiotemporal evolution of landslides to understand
the “legacy effects” of the triggering event (Guzzetti
et al. 2005; Fan et al. 2017; 2019, 2021; Tang et al.
2016; Tanyas et al. 2021). MTL inventories can also
help in designing rainfall thresholds based on inven-
tories of event-based rainfall-induced landslides.
Based on the assessment of rainfall thresholds
obtained from evaluating rainfall circumstances that
have caused landslides to occur, empirical
approaches for determining the temporal probability
of landslides are used (Jaiswal and van Westen 2009).
But the generation of MTL inventories is difficult due
to the subjectivity in mapping the landslides manually
and the time that goes into producing these

inventories (Van Westen et al., 2006; Meena &
Piralilou, 2019).

When using automated approaches, the subjectiv-
ity is limited as there is a single model that maps the
landslides instead of multiple human annotators,
thereby reducing the overall bias and time that
stems from manual interpretation. In the last few
years, landslide mapping has seen a rapid develop-
ment with techniques using a combination of Earth
Observation data, topographic factors
(Ghorbanzadeh et al. 2021; Meena et al. 2022), and
advanced machine learning (ML) and deep learning
(DL) algorithms (Fang et al. 2021; Prakash, Manconi,
and Loew 2021). DL algorithms are used both for
landslide mapping and landslide susceptibility map-
ping however, they are quite different in terms of
what is actually being modeled. In landslide mapping,
the models predict landslide traces or footprints after
the event has occurred which effectively becomes an
inventory however, the latter deals with predicting
the probability of spatial occurrence of landslides in
a given region (preferably with the intensity) and
thus, talks about spatial probability of landslides in
the future (Spinetti et al. 2019; Azarafza et al. 2021). In
our work, we focused on mapping or detecting land-
slides after they have occurred. DL algorithms, espe-
cially Convolutional Neural Networks (CNNs), have
been successfully employed, demonstrating wider
generalization capabilities when compared to other
ML models. Ghorbanzadeh et al. (2019) used high-
resolution Rapid Eye data to test several ML techni-
ques, including support vector machines (SVMs), ran-
dom forest (RF), artificial neural networks (ANNs), and
deep convolutional neural networks (D-CNN), with
CNNs attaining the best results. Meena et al. (2021)
used a composite of optical RapidEye images and
topographical maps with CNNs to obtain a mean F1-
score of 78% to map rainfall-induced landslides. The
popular U-Net model (Ronneberger, Fischer, and Brox
2015) and its subsequent variants have been exten-
sively used by the community to map landslides with
remote sensing images (Meena et al. 2022; Nava et al.
2022; Tang et al. 2022) due to their strong capability
to retain and project discriminative (low-resolution)
features to the higher resolution (pixel level) in order
to get a dense classification. However, these models
are data hungry and require a lot of data to be able to
effectively train a deep learning model and detect
landslides accordingly.



Deep transfer learning is an approach which
assists in the optimization of model performance
on a small number of samples as real-world situa-
tions make it challenging to obtain adequate train-
ing data. The theory of transfer learning to apply
information obtained from prior experiences to new
contexts. As transfer learning has shown a great
potential in solving the data deficiency problem
and empowering knowledge transfer between
machine learning tasks (Pan and Yang 2010), these
objectives are important for addressing the data
scarcity issue and enabling knowledge transfer
between deep learning tasks. Detecting landslides
is considerably more effective and training time is
much decreased when the model is retrained on
newer regions after learning about edge, shape,
and texture detections from prior “experiences”
(Ayana, Dese, and Choe 2021). Deep transfer learn-
ing was first proposed by Wang, Wang, and Zhang
(2022) but for landside susceptibility purposes
(which is the spatial probability of landslide occur-
rence in a given region) and is very different from
detection or mapping purposes, and the mapping/
detection of landslides both over space and time is
still unexplored. Although a wide array of research
in the domain of landslide mapping has been pub-
lished with artificial intelligence, a robust model
that is able to map landslides over a period of
time has yet to be designed and investigated.

Therefore, we propose with the simplest of
model and training approach with the U-Net
model to investigate the detection of landslides
over a period of years which includes mapping the
pre-, co-, and post-seismic landslide, which are the
main contribution and motivation of the paper.
lllustrated for the Mailung area of Nepal, affected
by the 2015 Gorkha earthquake, this study presents
an opportunity to map landslides over the years
between 2013 and 2019, which could be later help-
ful for post-seismic landslide evolution studies in
the future.

2, Study area and data
2.1. Study area

The study area is located in central Nepal's higher
Himalayan district of Rasuwa and is among the most
landslide-affected region (see Figure 1). The most
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common land cover is forest, grassland, shrubland,
farmland, and rural regions. With an annual average
rainfall of 691 mm, this region’s climate is influenced
by orographic monsoon precipitation. A Mw 6.7
earthquake occurred the same day as the primary
shock, a Mw 6.9 earthquake the next day, and a Mw
7.3 earthquake on 12 May 2015. The primary shock
caused significant ground shaking, reaching
a maximum Peak Ground Acceleration (PGA) of 0.87
g, according to the United States Geological Survey
(USGS) (USGS 2015). Landslides were triggered after
the 2015 Gorkha earthquake that dammed the river,
which resulted in the formation of multiple lakes
behind the dams in various locations. The leading
cause of severe flash floods and monsoonal rains is
water obstruction behind landslide-induced dams
(see Figure 1). Major part of the study area is located
in the Langtang national park which consists of sev-
eral hydropower plants in the Trishuli river that was
damaged by the earthquake event. In April 2015,
more than 80 lives were perished as a result of land-
slides and rockfalls near the hydropower project con-
struction camps in Mailung village. The damages
resulted in a drop in energy output as well as signifi-
cant economic damage (Schwanghart, Ryan, and
Korup 2018). Local authorities and foreign institutions
have made concerted efforts to research the effects of
landslides on the human settlements and hydroelec-
tric power stations of the Mailung area. However, field
visits were not practical in many inaccessible moun-
tainous places; as a result, remote sensing techniques
can supplement field visits coupled with deep learn-
ing methods.

Landslides in the areas affected by the Gorkha
earthquake were mapped by Kargel et al. (2016),
Martha et al. (2016), and Roback et al. (2018). Rosser
et al. (2021) also monitored the landslide evolution of
new post-seismic landslides by manually generating
detailed time-series landslide maps. Therefore, the
preface and importance for multi-temporal mapping
is witnessed and realized.

2.2. Data

We generated annual landslide inventories of an
area of 33km? by manually digitizing landslide
polygons (Table 1) on seven scenes of RapidEye
images (WGS 1984 UTM Zone 45N) (Planet Team
2017) acquired over the years between 2013 and
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Figure 1. a: Study area location with distance from epicentre. The PGA values are in percentages. b: Investigation area (red outline)
with landslides (yellow) used as preliminary training data for the deep learning model. ¢: MTL manually mapped over the years

between 2013 and 2019 in the investigation area.

Table 1. Information about the satellite images from RapidEye and the respective landslides.

Gorkha Earthquake of 2015

Landslide Area (m?)

Image acquisition dates Number of landslides Total Minimum Maximum
Pre-seismic (2013) 07-11-2013 31 513,304.8 216.3 148,948.1
Pre-seismic (2014) 30-11-2014 26 438,778.5 515.7 150,759.3
Co-seismic (2015) 09-11-2015 136 1,855,911.8 276.4 145,380.5
Post-seismic (2016) 04-11-2016 95 1,796,221.2 7683 137,397.8
Post-seismic (2017) 12-11-2017 63 1,188,037.6 7245 141,102.3
Post-seismic (2018) 24-10-2018 55 1,315,124.4 724.5 141,102.3
Post-seismic (2019) 10-11-2019 52 1,222,396.5 724.5 112,723.0

2019. For the analysis, we chose the best available
cloud- and shadow-free images. The product level
for the orthorectified images is “Analytic SR,” which
means that surface reflectance is represented by
pixel values with a bit depth of 16 bits. In order to
construct an image that encompassed the study
area, we pre-processed the photos from
each year’s collection by band extraction, sharpen-
ing, and mosaicking.

Two geomorphological experts manually digitized
the landslides using the satellite imageries. The co-
seismic landslides and post-seismic enlargements of
the landslide areas, and new failures emerging after
the earthquake were all mapped using polygon-
based mapping by the geomorphological experts.
The seven scenes have 5 meter pixel resolution and
five bands of Red, Green, Blue, Red-edge, and Near-
infrared. Apart from these landslide inventories,



landslides were also digitized outside the investiga-
tion area (yellow polygons in Figure 1) to be used as
initial training data. The conceptualization of the
research is shown in Figure 2.

NoData is a common occurrence in remote sensing
images and is harmful when used in machine learning
or deep learning since it lowers model performance as
the model trains over time. NoData values can cause
gradient explosions since they have no spectral con-
tribution at all. This causes enormous erroneous gra-
dients to build up during model training and causes
delayed updates to the weights of the networks,
which makes the model unstable and unable to
learn from the training data (Challa, Niu, and
Johnson 2020). As a result, the NoData sample data
were discarded.
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3. Methodology
3.1. Curation of the data

We mapped 55 landslides for 2016 for the first train-
ing phase which are located outside of the area of
investigation (Figure 1b yellow polygons) to avoid
bias. We designed a preliminary training data set
using landslides that occurred outside the investiga-
tion area. Following this, the landslides inside the
investigation area are randomly split into training
(70%) and testing (30%) set for the year of 2016. The
training set is employed for the transfer learning
approach, which is then tested on the testing set,
and we utilize all of the landslides that occurred inside
the investigation area as the basis for evaluating the
model for the years 2013 till 2019 (except for 2016).

Figure 2. Conceptual diagram of the methodology. a: data acquisition of satellite images between 2013 and 2017, and manually
annotated landslides of the same periods. b: model training and prediction using transfer learning. c: comparison methods with

classical metrics and landslide spatial distribution.
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We extracted patches of 128 x 128 pixels from the
input satellite images, as suitable input for the U-Net
model based on Ghorbanzadeh et al. (2021) and
Prakash, Manconi, and Loew (2021), who reported
optimal accuracies of F1-score, Precision, and Recall
using this patch size. Furthermore, neither increasing
the patch size to 256 x 256 nor decreasing it to 64 X
64 improved the model accuracy in our experiments.
By rasterizing the manual inventory of the different
years with 5-meter grid cells, the associated binary
masks were created. Data augmentation is also
adopted to artificially expand the training samples
by applying image transformations. The Python
library image that implements these strategies was
employed (https://imgaug.readthedocs.io/en/latest/).
After running multiple tests to determine the most
effective combinations, we employed flipping (hori-
zontal and vertical), blurring (gaussian blur: =0 and 3),
sharpening (=0 and 1), shearing (with factors —20
and 20), and rotating (45° and 90°) to be more exact.
These augmentations help in diversifying the training
dataset and aid in regularizing the model to better
generalize landslide features (Kukacka, Golkov, and
Cremers 2017; Shorten and Khoshgoftaar 2019). We
applied these augmentations respectively to the
satellite images and the corresponding binary
masks. In order to reduce the imbalance in the sample
distribution between the positive (landslide) and
negative (non-landslide) classes, we additionally
deleted zero-valued patches (training patches with
no landslide information) (Sun, Wong, and Kamel
2009).

So, finally, by using a patch size of 128 x 128 and
applying data augmentation, we got a total of 500
patches (located outside of the investigated area) and
used them for the first model training. Then a total of

860 image patches were created (after augmenta-
tions) for the next re-training process (inside the
investigation area). As mentioned in previously, we
split the datasets into training (70%) and testing
(30%) inside the investigation area in 2016, so the
training set consisted of 602 patches and the testing
set included 258. But again, since for the other years
of 2013-2015 and 2017-2019 we used all the land-
slides inside the investigation area for testing pur-
poses, we used 860 patches for testing for those years.

3.2. Automating landslide detection

3.2.1. Model architecture and tuning

The U-Net model (Ronneberger, Fischer, and Brox
2015) has been used extensively for landslide detec-
tion due to its robust network structure and segmen-
ted pixels as outputs (Ghorbanzadeh et al. 2021;
Prakash, Manconi, and Loew 2021; Zhang et al,
2018). The model consists of input parameters such
as the convolution and max pooling operations that
reduce the dimensionality of the input data (called
down sampling) to extract complex features like
shape, patterns and edges. Since the output needs
to be a high-resolution image, we adapt transposed
convolution operations, also called deconvolution,
coupled with concatenation operations to retain the
dimensions and information that were lost during
down sampling. The U-Net model (Figure 3) has
many advantages. One of these is that it extracts
local features through skip connections between the
encoder-decoder stages. As spatial details tend to get
lost at the deepest end of the encoder stages during
model training, the decoder stage with the help of the
skip connections retrieve the relevant spatial informa-
tion from the low-level features and provides per-

Figure 3. An overview of the U-Net model used in our research based on (Ronneberger, Fischer, and Brox 2015).
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pixel segmented results. In this study, we use a deep
U-Net model with 5 convolutional blocks containing
10 convolutional layers in total.

In this study, the Adam optimizer was employed as
advocated by Bottou (2010) and Pan et al. (2020) due
the adaptive learning capability of the optimizer
which allows faster convergence to decrease the
loss, thereby improving model accuracy. Different
learning rates are investigated as well, within the
Adam optimizer, to enhance training speed and bal-
ance model overfitting. As an outcome of this stage,
heat maps of probability pertaining to the classes
landslides and non-landslides are generated. After
training, the outcome is a binary image that differ-
entiates between landslides and non-landslides pixels.
The U-Net model training was conducted in the
Python environment on an NVIDIA RTX 3060 GPU (6
GB VRAM) and 16 GB of RAM.

One of the most critical processes in regulating the
model’s general behavior is hyper-parameter tuning.
The aim is to identify the optimal hyper-parameter
combination that minimizes the loss and produces
the best result. We investigated different number of
filters such as 8, 16, and 32 (which are multiplied by
a factor of 2, 4, 8, and 16 in the succeeding convolu-
tional sequences and then divided by a factor of 8, 4,
and 2 after/at the deconvolutional/upsampling
sequences in the decoder path) as more filters can
potentially allow learning more features and patterns
from the data, which leads to better performance. The
Tversky Loss (equation 1) (Abraham and Khan 2019)
function was applied in this study. Using so-called
beta weights, the Tversky loss has the benefit of
immediately modifying and adjusting the False
Positives and False Negatives. The alpha and beta
parameters of the Tversky loss function regulate the
false positives and false negatives, respectively,
thereby impacting the overall prediction capability
of the model. This parameter helps decrease model
loss when training to obtain improved accuracy by
adjusting the imbalance between the data within
landslides and non-landslides classes.

TP + ¢

Tversky Loss — 1
versky Loss = o AN+ Bx FPre

where,
TP =True Positives
FP = False Positives
FN = False Negatives
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€ = A constant value of 0.0001 (by default) which
prevents the loss from becoming infinite.

a = Alpha parameter that adds weight to the FNs.

[3 =Beta parameter that adds weight to the FPs.

3.2.2. Training and transfer learning approach

The transfer learned model will adapt on top of these
“recognized” features when the model is tasked on
the region with different seasons where the radio-
metric returns will be different for likely the same
types of landslides, saving computing time and
detecting landslides more effectively by increasing
the dataset diversity. Essentially, we intend to
increase generalization power while minimizing over-
fitting by training a model that has already been
trained in area A on landslides of region B (plus over
different years). We adopt a transfer learning mechan-
ism to train a temporally generalizable model that
would be able to detect and map landslides over
time. The goal of transfer learning is to transfer the
information from previous data and apply what the
model has learnt in a new environment, which might
be difficult to learn in otherwise. The weights from
a prior model can be used in a new region of interest,
with the network learning on top of the pre-trained
model and retraining an output layer using the target
landslide data set. This strategy can reduce the mod-
el’s training time and increase its effectiveness in
a new region (Bai et al. 2012; Xu et al. 2013). The
U-Net model was first trained for 250 epochs using
the preliminary training data set (yellow boxes in
Figure 2b) and then tested within the investigation
area (red boundary in Figure 1b) for the year 2016
(one year after the Gorkha earthquake) inclusive of all
the landslides. We used checkpoints to save the
model with the lowest loss. In the next phase, we
first sampled the landslides inside the investigation
area into two sets: a training set (70%) (for re-training)
and a testing set (30%) just for the year 2016. We then
re-trained the pre-trained model on the training set of
2016 and tested on the testing set. After transfer
learning on 2016, we performed predictions and
tested the model on the entire landslide data within
the red boundary for the years between 2013 and
2019 (which varies both temporally and spectrally)
except of course for 2016. Weight initialization was
not necessary because pre-training weights were
already specified. We also choose satellite images
from the same late autumn/early winter season with



8 K. BHUYAN ET AL.

low cloud cover to maintain similar spectral charac-
teristics. Spectral differences are witnessed in the
temporal image acquisitions (Anderson and Perry
1996; Huete 2004), and coupled with image distor-
tions for each acquisition, modeling the landslides
was a challenging task as we see later in section 4.

3.3. Accuracy assessment

3.3.1. Classical metrics

The model’s prediction outputs are binary maps of
landslide areas, which are then compared against
manually mapped landslides (ground truth) using
the Precision (Equation 2), Recall (Equation 3), and F1-
score (Equation 4) accuracy metrics. These metrics are
calculated using True Positives (TPs), False Positives
(FPs), and False Negatives (FNs), where, TPs are accu-
rately identified landslide areas, FPs are non-landslide
areas being detected as landslide areas, and FNs are
landslide areas that were missed out by the model.
Precision here refers to how well the model detects
the landslide class. Recall is the number of times that
the model detects the landslide class, and F1-score
finally is the harmonic mean of (2) and (3) and acts
as a balance between the two.

TP
Precision = 2
recision P+ P (2)
P
Recall = —————
eca P L EN 3)

Precision x Recall
F1— =2 4
score % Precision + Recall @

3.3.2. Landslide statistics and spatial distribution

The inventories used for training and testing were
generated manually using visual image interpretation
(See Table 1). Landslide statistics were evaluated for
the manually annotated and predicted landslides for
each respective year between 2013 and 2019 using
information such as the total landslide area, maxi-
mum and minimum landslide area. Landslide densi-
ties were also analyzed using the number of
landslides per square kilometres for each year similar
to that of Meena and Piralilou (2019). The landslide
density (LD) gives us an idea about the spatial loca-
tion and changes in the spatial distribution of the pre-
, co-, and post-seismic landslides for the study area.

Therefore, assessing the differences between the
manual and predicted landslide inventories through
the lens of LD is important to observe the overall
mapping performance of the model on the pre-, co-,
and post-seismic years.

4. Results
4.1. Model training and parameterization

We compared the results against manually annotated
landslides for accuracy assessment after using transfer
learning for the different years. The model was eval-
uated on the test set using the classical evaluation
metrics of Precision, Recall, and F1-score, and using
the change in LD. As discussed previously, we trained
the model with landslides outside the investigation
area (Figure 2) and tested on the investigation area of
the year 2016 (one year after the Gorkha event). The
results of the metrics can be seen in Table 2. After
that, we used transfer learning with pre-trained
weights to re-train in our investigation area with
newer landslide instances for each year from 2013
till 2019 (see Figure 4). In order to remove and filter
out insignificant landslides detections by the model
(which show a typical random effect of individual
pixels in a so-called salt and pepper effect), we used
a threshold area of 200 m? to filter out these isolated
pixels, and thereby, cleaning the overall results.

The appropriate combination of hyper-parameters
allows the model to attain the optimal performance
and thus to yield the highest possible mapping accu-
racy. As we see in Table 2, the best result of F1-score
of 78.5% is achieved by the combinations of number
of filters 32, batch size 32, and a learning rate of 0.001.
This set of combinations were hence chosen for the
re-train and testing using transfer learning on the
other years inside the investigation area.

Based on numerous experiments for the optimal 3
value in the Tversky Loss function, 3 = 0.7 proved best
for the results of mapping the landslides over time.
This is because setting 3 values higher than 0.7 give
stronger attention on the FPs thus heavily reducing
the Recall and/or reducing the Precision. In our study
case, B=0.7 gave the best scores in terms of
a balanced FP and FN, thereby mitigating the imbal-
ance between Precision and Recall.

We can see in Figure 4 the various landslide foot-
prints that were detected by the model for the years
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Table 2. Table of various hyper-parameter combinations based on the preliminary training data and test data of 2016 (bold

are the best combinations results).

Learning Rate Number of filters Batch Size Loss Precision Recall F1-score
le-3 8 8 0.227 0.807 0.698 0.748
1e-3 16 8 0.218 0.817 0.702 0.755
1e-3 32 8 0.206 0.845 0.688 0.757
1e-3 8 16 0.229 0.805 0.701 0.749
Te-3 16 16 0.208 0.826 0.719 0.769
1e-3 32 16 0.226 0.865 0.618 0.721
le-3 8 32 0.233 0.803 0.700 0.746
1e-3 16 32 0.205 0.824 0.725 0.771
le-3 32 32 0.188 0.850 0.731 0.785
le-4 8 8 0.559 0.710 0.678 0.694
le-4 16 8 0.258 0.792 0.651 0.714
le-4 32 8 0.220 0.821 0.699 0.755
le-4 8 16 0.602 0.665 0.777 0.716
le-4 16 16 0.325 0.791 0.607 0.687
le-4 32 16 0.237 0.813 0.695 0.749
le-4 8 32 / / / /
le-4 16 32 0.364 0.755 0.750 0.752
le-4 32 32 0.242 0.818 0.702 0.755
1e-5 8 8 0.850 0.402 0.958 0.566
le-5 16 8 0.753 0.547 0.892 0.678
le-5 32 8 0.432 0.801 0.654 0.720
1e-5 8 16 0.838 0.332 0.955 0.493
le-5 16 16 0.792 0.527 0.858 0.653
le-5 32 16 0.509 0.754 0.753 0.752
le-5 8 32 0.836 0.196 0.989 0.327
1e-5 16 32 0.813 0477 0.898 0.623
le-5 32 32 0.710 0.583 0.882 0.702

between 2013 and 2019, tallied against the respective
manually annotated landslide footprints.

4.2. Generated multi-temporal inventories and
their statistics

The spatial distributions of the manual inventories
(MI) and predicted landslide inventories (Pl) were
compared using landslide statistics and LD for
each year. The findings are presented in Table 4.
Table 4 shows that the minimum landslide area is
almost always around 200 m?, as this value was cho-
sen as threshold to avoid mapping of individual pix-
els. A single landslide in the manual interpretation can
sometimes be predicted as multiple instances in the
predicted inventory, as the possible functional con-
nection between them (e.g. along a debris flow chan-
nel) cannot be analyzed automatically. This is a very
common issue as seen in the works of Prakash,
Manconi, and Loew (2021) and Zhang, Pun, and Liu
(2021) and thus post-processing approaches should
be employed to reduce the problem. The opposite is
also witnessed in the inventories of 2015 where we
see that Ml had a higher number of landslides than PI.
The reason behind this is the fact that some landslides
were not detected by the model, as explained in the

low F1-score of 58.6% (Table 3), thereby resulting in
lower total number of landslides (T;). However, the
maximum number of landslides (Max A;) and the total
area of landslides (T A;) give a more positive and
optimistic overview of the detected landslides in gen-
eral, since they are comparable across all the investi-
gated years. Moreover, we also obtained more
landslides that are actually missing in the inventory
(see Figure 5). Although this is not the case all the
time but only in certain situations and locations
where mapping manually could be quite confusing
and are sometimes left out (due to subjectivity of the
mapper). For example, Meena and Piralilou (2019) had
compared the inventories mapped by four different
mappers for the same area and the differences
between the manual mapping were quite large. As
seen in the example from 2017 in Figure 5, where the
blue polygons are the Ml and the landslides were not
mapped properly. The red polygons are from the Pl
and we see that the model picked these landslides
out quite effectively. So, we see that sometimes the
model accurately detects real traces of landslides but
since these are not present in the MI, the FPs inad-
vertently increase, however, checking these FPs can
lead to a better understanding of the predictions and
often times lead us to detect missed landslides which
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Figure 4. Predicted landslides versus the manually delineated landslides for the years 2013 till 2019.

Table 3. Table of results for each year between 2013 and 2019 (using 32 filters, a batch size of 32
and a learning rate of 0.001).

Year Loss Precision Recall F1-score # detected landslides
2013 0.320 0.752 0.651 0.697 38
2014 0.165 0.762 0.696 0.727 53
2015 0.340 0.843 0.450 0.586 108
2016 0.205 0.927 0.603 0.731 117
2017 0.175 0.882 0.724 0.795 73
2018 0.290 0.753 0.633 0.688 75

2019 0.362 0.600 0.759 0.669 87
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Table 4. Comparison of landslide statistics for the manually mapped landslide inventories versus the predicted ones.

Manually Annotated Landslide Inventory (MI)

Predicted Landslide Inventory (PI)

Total area of ~ Minimum area

Maximum area

Total area of ~ Minimum area  Maximum area

Total number of landslides of landslides of landslides Total number of landslides of landslides of landslides
Year landslides (T,) (TA) (Min A) inm?  (Max A;) inm?  landslides (T}) (TA)inm?  (MinA)inm?  (MaxA,) in m?
2013 31 513,304.8 216.3 148,948.1 38 369,595.9 215.24 186,958
2014 26 438,778.5 515.7 150,759.3 53 437,334.0 206.1 170,278
2015 136 1,855,911.8 276.4 145,380.5 108 1,336,636.5 264.0 224,417
2016 95 1,796,221.2 768.3 137,397.8 117 1,633,912.1 202.6 405,951
2017 63 1,188,037.6 724.5 141,102.3 73 1,048,197.0 2171 255,057
2018 55 1,315,124.4 7245 141,102.3 75 1,011,351.6 202.6 254,061
2019 52 1,222,396.5 724.5 112,723.0 87 1,036,097.9 214.6 155,752

Figure 5. Example of missing landslides in the MI of year 2017. Base image: RapidEye, 2017.

were not present in the Mls. This shows that deep
learning in unison with manual mappers can greatly
improve inventorying.

Interestingly, we also notice that the trend of the
TL and T A, is quite similar between MI and PI. This is
also confirmed by looking at the Pearson’s correlation
between the Ml and PI in terms of the T, and T A,
which is 0.85 and 0.98, respectively. The number of
landslides increases in 2015 as a result of the Gorkha
earthquake, then gradually declines in the subse-
quent years. This observation is in line with recent
post-seismic landslide evolution studies (Fan et al.
2018, 2019). We can also notice that the areas and
number of active landslides between MI and PI are
different. This can be attributed to the previously
discussed fragmentation problem in terms of the
model predictions (please see Figure 6). Table 3

Figure 6. Fragmentation of the landslides of the predicted
inventories (red) compared to the manual inventories
(blue).
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reflects varying results in the F1-scores, although from
a spatial point of view, they are related to the same
area. This is because the image acquisitions, even in
the same seasons (late autumn and early winter), have
different spectral reflectance/atmospheric distur-
bances, which confuses the model even while pre-
dicting the same landslides repeatedly. The image of
2015 was the most different spectrally, and that's why
we see in Table 3 that the best F1-score is only 58%.
However, for the other years, the F1-scores varies
between 65% and 80%.

Figure 7 figillustrates the problems discussed
above for the year 2015 where the landslide detec-
tions are relatively poor compared against the rest.
Many landslides seem to be missing in the center and
the eastern part of the area, which is indicative of the
poor F1-score of 58%. This explains the lower value of
T, in Table 4 for the predicted inventory (108) against
the manual inventory (136). As discussed previously,
this can occur because of the observed differences in
the spectral reflectance which reduces the efficiency
of the model to predict the landslides of 2015. Much
better predictions are observed in the south-western
part of the map where the landslides are mapped
almost identically. However, a substantial number of
landslides are also missed out in the eastern part of
the map for the years 2013, 2015, and 2019. Overall,
the prediction over the different years very well cap-
tures the general location of the landslide footprints
and gives a positive outlook toward employing DL
methods for MT inventory generation.The density of
the landslides of the MIs versus the Pls for the year
2013 till 2019. The density values are normalized
between 0 and 1 for visual comparison purposes
between the Mls and Pls.(Continued).

To understand the variations in the spatial distribu-
tion of the inventories (both MI and Pl) and analyze
the LD per square kilometer, we used the centroid of
each landslide polygon. The MI of 2013-2019 were
generated using satellite images for the same season
(right after the monsoon). Based on the results in
Table 4, variation in the total number of landslides
as well as landslide area can be seen in the manual
and predicted inventories. The T A, in manual inven-
tories ranges from 438,778.5 m* to 1,855,911.8 m? and
for the predicted ones, it ranges from 369,595.9 m? to
1,633,912.1 m?. Moreover, the smallest and largest
mapped landslide polygon varies as well, both for
the manual and predicted inventories (Table 4). The

LD distribution varies for manual and predicted inven-
tories ranging between 3.22 and 2.59 landslides/km?,
respectively, in the year 2013. After 2015 earthquake
event, the LD increased to 16.46 landslides/km? and
11.47 landslides/km? for the manual and predicted
inventories, respectively. The trend for LD distribution
for the same area declined after 2016 for the manual
inventory and the same is observed for the predicted
inventory (Table 5).

For two cases (2013 and 2015), the LD of the
predicted landslide inventories is lower than the
manual inventories while, for the rest of the years
it is the opposite. While for 2013 the difference is
relatively small (—0.63 landslides/km?), this is much
larger in 2015 (—4.99 landslides/km?) as seen in
Table 5. In 2015, the overall prediction is weaker
when compared to the other years. In fact, since
the Recall is around 45% (Table 3) for 2015, most
of the landslide pixels were missed out by the
model. However, for the year 2016, we observe
that the LD of Pl is higher than that of MI, showing
a positive difference of 3.17 landslides/km?. Notice
that after the event in 2015, the LD of Ml
decreased (as expected due to re-vegetation in
the terrain) from 16.46 landslides/km? to 8.37
landslides/km? but this behavior was not reflected
in Pl as the LD remained almost the same. This
phenomenon can be explained by the fragmented
predictions made by the model as illustrated in
Figure 6. As the model predictions are pixel-
based, landslide bodies may be predicted in por-
tions. Thus, a single landslide body can be frag-
mented into two or more bodies yielding more
portions for the same landslide body. This phe-
nomenon leads toward an increase in the overall
number of landslides per km?. Like T, the overall
trend of the LD for both MI and Pl are similar
where we first see an increase in the density in
2015 followed by decrease in the following years
(except for the 2016 outlier for P).

In Figure 8, we see the scatter plot depicting the area
of the landslides in log-scale of the Ml in the x-axis and PI
in the y-axis. We can observe that the ground truth
landslides versus the overall predicted landslide area
are pretty close to one another, virtually resembling
the data points in a 45-degree line buffer zone. This
demonstrates that the majority of each predicted land-
slide areas was pretty comparable to each landslide’s
actual Ml area.
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Figure 7. The density of the landslides of the MIs versus the Pls for the year 2013 till 2019. The density values are normalized between
0 and 1 for visual comparison purposes between the Mls and Pls.
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Figure 7. (Continued).

Table 5. Comparison of landslide density for the manually annotated landslide inventories versus the predicted landslide inventories.

Years Density of the manual landslide inventory MI (Nr/km?)

Density of the predicted landslide inventory PI (Nr/km?)

Difference (PI - MI) (Nr/km?)

2013 3.22
2014 3.62
2015 16.46
2016 837
2017 6.16
2018 4.85
2019 4.70

2.59 -0.63
6.64 3.02
11.47 -4.99
11.54 3.17
7.46 1.30
7.35 2.50
6.99 2.25

5. Discussion

5.1. Deep learning as a means of generating
multi-temporal inventories

The mapping accuracy in the study area for each year
is essential for analyzing the temporal changes of the
landslide geometries in the later stages. We noticed

that due to fragmentation issues while predicting
landslides inhibits the true delineation of a landslide
body, therefore detecting “more” landslide bodies in
absolute numbers, and under-representing the true
area of the modeled landslides. This also led to an
increase in the LD in the Pls than the Mls as discussed
in section 4.2. The region also suffered from shadows



Figure 8. Difference in area between the landslides of MIs versus
the Pls. The Pearson correlation between the Pl and Ml in this
graph is 0.985.

and atmospheric noise whereby in some locations,
the model simply does not predict the landslides.
While the model struggles making the predictions in
such conditions, overall, the model performed quite
well when it came to detecting the landslide accu-
rately in each year. The use of transfer learning
abetted the performance capability of the model to
effectively retain and compound on the existing
knowledge of landslides from prior training instances
and capitalized on detecting the landslides in the pre-
seismic and post-seismic years. A typical issue in the
successful implementation of a data-driven model for
landslide mapping tasks is the shortage of training
data. Although the use of 55 training samples can be
usually judged as very small for effective training of
a deep learning model, it has shown itself effective in
our study by applying data augmentation techniques
to expand the amount of training samples, thereby
allowing the model to generalize better in predicting
landslides temporally. A major challenge faced has
been the spectral reflectance differences between
each image acquisition for each year. Results show
that for each year, the overall F1-scores are different
because of these variations in the spectral reflectance
for each year, however, in general, the landslide foot-
prints are mapped very well for each year. The results
also show that using training samples of only 55 land-
slides from a geographically separate area is enough
to detect landslides temporally in interested regions,
and also to get more than adequate accuracies to
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generate MTL inventories. Various gaps and con-
straints remain despite the fact that this is the first
study to attempt in MTL mapping of landslides.
Among them: i) the choice of seasonality has to be
investigated further, as it is responsible for significant
spectral changes in imagery, mostly linked to vegeta-
tion.; ii) determining landslide footprints of each
respective year while avoiding double counting.
Moreover, when compared to studies like Meena
and Piralilou (2019), we see that they had compared
inventories mapped by four different mappers for the
same region and the differences between the manu-
ally generated inventories were quite significant. At
the same time, taking examples from Figure 8 and
instances of false positive predictions that actually
turned out to be landslides originally missed by the
manual mappers due to drafting errors, shows the
strength of transfer learning, at least from the per-
spective of rapid automated methods.

5.2. Factors influencing model predictions

The potential sources of uncertainties in this study
can be attributed to 1) the lack of training data pre-
vents the model from accurately predicting the whole
landslide body, 2) artifacts in satellite images such as
haze, terrain and cloud shadows, and cloud obscura-
tion, 3) the subjectivity and ambiguity in manual
mapping of the landslides 4) might result in simply
identifying “visible scars” in the terrain as landslides
and not taking into consideration, for example, the
crown of the landslide that would otherwise be hid-
den by vegetation cover. Unfortunately, these uncer-
tainties cannot be dealt by the model, however, can
easily be addressed by manually adjusting and fixing
such errors. The point of using a deep learning or any
Al model is to enable quick and accurate mapping of
landslides where it is very time consuming to manu-
ally delineate the landslides. But posterior human
intervention could further improve the automatically
generated MTL inventories by simple edits and
adjustments.

While the use of the U-Net model in this case works
quite well, much room is still left to further improve
the capacity of artificial intelligence models to detect
landslides in different years. With newer and
advanced variants of the U-Net model being used in
the landslide detection domain, the use of more
advanced models and training schemes can surely
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improve results in the future. Furthermore, the next
gradual step would be to enhance on the area of
investigation and attempt to generate MTL inven-
tories at larger scales and across different geogra-
phies. Furthermore, considering the availability of
elevation models from missions like SRTM, ALOS-
PALSAR, and airborne laser scanners, elevation data
can also be used in the future coupled with MT satel-
lite images to further expand and improve the detec-
tion results (removing the FPs), particularly in regions
which are regularly monitored/surveyed (Kim, Sohn,
and Kim 2020).

6. Conclusions

Mapping landslides automatically is a difficult task
and much research has been conducted that shows
how well DL models can be used to map landslides
efficiently and rapidly. But this mapping endeavor
through DL models is thus far only explored spatially,
and not temporally. We propose the first multi-
temporal landslide inventory mapping effort with
the U-Net DL model to automatically detect and
map landslides over time by using medium resolution
RapidEye images of the Nepal Mailung area for the
years between 2013 and 2019. The U-Net model is
first trained separately outside the investigation area
to test model effectiveness in a geographically dis-
tinct area and then the weights learnt from this first
training phase are utilized to map landslides over time
within the investigation area using transfer learning.
The model’s performance is assessed using classical
metrics on the test set, as well as differences in spatial
distribution and landslide statistics between the man-
ual and modeled inventories. The significance of the
study is the outlook toward automatically generating
MTL inventories for locations that has had quite an
interesting episodic behavior of past landslide activ-
ities which could allow to understand the long-term
effects of earthquake events, landscape instability and
reactivation of landslides post heavy rainfall, and
recovery of the landscape.

Our next focus will be on attempting to detect and
map multi-temporal landslides over different topo-
graphic regions in order to test how well such models
perform in terms of their generalization capability.
Moreover, different models will also be experimented
to utilize more advanced networks and layers at
improving the mapping of landslide footprints.
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