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Abstract 29 

Repeated temporal mapping of landslides is essential for investigating changes in landslide 30 

movements, legacy effects of the landslide triggering events, and susceptibility changes in the area. 31 

However, in order to perform such investigations, multi-temporal (MT) inventories of landslides are 32 

required. The traditional approach of visual interpretation from cloud-free optical remote sensing 33 

imageries is time consuming and expensive. Recent endeavours exploring Convolutional Neural 34 

Networks and deep learning models have made rapid and accurate mapping of landslides feasible but 35 

have not been applied for multi-temporal landslide mapping in the Himalayas, yet. Earlier models used 36 

a standard supervised learning approach, with a small landslide inventory over a limited area used for 37 

training , which is then utilized to predict landslides in nearby areas. We propose a new strategy, using 38 

geographically separate training samples to design a standard approach which can be utilized to create 39 

multi-temporal landslide inventories. RapidEye images of 5-metres spatial resolution are used to 40 

generate MT landslide inventories in the study area of Rasuwa district, Nepal. We test the effectiveness 41 

of the model by training with only 55 landslides and predicting for a different area. Then, using the 42 

weights attained from this first training phase, we use transfer learning to map landslides over a time 43 

period between 2013 and 2019 in the Rasuwa district. We also adopt data augmentation techniques to 44 

add more training samples, leading to higher overall accuracies ranging from 58% in 2015 to 80% in 45 

2017. We also perform a spatial comparison between the manual (observed) and predicted inventories 46 

to evaluate the  differences between landslide densities and overall landslide statistics of landslide area 47 

distribution.  The benefit of a transfer learning-based model training is that it circumvents the need for 48 

generating annual inventories for training a deep learning. A single event based inventory is enough 49 

to generate landslide inventories over a number of years, at least until landslide preparatory conditions 50 

do not change significantly. This application can enable automated workflows to generate MT landslide 51 

inventories of particular areas as the basis for landslide evolution and movement change analysis.  52 
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Highlights 54 

• First artificial intelligence model to map landslides over time. 55 

• Mapping of pre-, co-, and post-seismic landslides of the Gorkha earthquake event of 2015. 56 

• Releasing source codes for the methodology along with the predicted inventories. 57 

 58 

 59 

 60 



1. Introduction 61 

Landslides are major causes of loss to life, livelihood, and property due to their destructive nature and 62 

dynamic behaviour. The crucial roles of triggering factors like rainfall, earthquakes, and anthropogenic 63 

activities, accompanied by the intrinsic factors of slope, soil characteristics, and geomorphic process 64 

contribute to slope failures (Serey et al., 2019; Wang et al., 2019).  65 

Landslide inventories are the foundation for evaluating the hazard and risk induced by land sliding 66 

(Van Westen, Ghosh, Jaiswal, Martha, & Kuriakose, 2013; Metternicht, Hurni, & Gogu, 2005; Soeters & 67 

Van Westen, 1996; Sreedevi & Yarrakula, 2016). With the help of inventories, we can store crucial 68 

information related to the time of occurrence, type  and the initiation and runout components of 69 

landslides. Incomplete and inaccurate landslide inventories can seriously affect the reliability of hazard 70 

and risk maps, and the availability of reliable and fast landslide mapping methodologies is 71 

fundamental.  72 

In the last few years, landslide mapping has seen a rapid development with techniques using a 73 

combination of Earth Observation data, topographic factors (Ghorbanzadeh, Meena, et al., 2021a; 74 

Meena et al., 2022), and advanced machine learning (ML) and deep learning (DL) algorithms (Fang, 75 

Chen, Pan, Kou, & Wang, 2021; Prakash, Manconi, & Loew, 2020, 2021). DL algorithms, especially 76 

Convolutional Neural Networks (CNNs), have been successfully employed, demonstrating wider 77 

generalization capabilities when compared to other ML models. Ghorbanzadeh et al. (2019) used high-78 

resolution Rapid Eye data to test several ML techniques, including support vector machines (SVMs), 79 

random forest (RF), artificial neural networks (ANNs), and deep convolutional neural networks (D-80 

CNN), with CNNs attaining the best results. Meena et al. (2021) used a composite of optical RapidEye 81 

images and topographical maps with CNNs to obtain a mean F1-score of 78 % to map rainfall-induced 82 

landslides. 83 

However, to comprehend the evolution of landslides in an area over time, the availability of reliable 84 

multi-temporal landslide (MTL) inventories is crucial. Moreover, MTL inventories can also help in 85 

designing rainfall thresholds based on inventories of event-based rainfall-induced landslides. Based on 86 

the assessment of rainfall thresholds obtained from evaluating rainfall circumstances that have caused 87 

landslides to occur, empirical approaches for determining the temporal probability of landslides are 88 

used (Jaiswal & van Westen, 2009). MTL inventories can also help to study the development of co-89 

seismic landslides in the years after the earthquake and as the basis for consideration probabilistic 90 

earthquake-induced landslide hazard models (Guzzetti, Reichenbach, Cardinali, Galli, & Ardizzone, 91 

2005;  Fan et al. (2017, 2019, 2021), Tang et al. (2016), and Tanyaş et al. (2021).  92 

However, the acquisition and generation of MTL inventories is problematic, due to the access to  cloud-93 

free satellite images, the subjectivity in mapping landslides manually, and the availability of resources 94 

and time in producing the inventories (Van Westen et al., 2006; Meena and Piralilou, 2019). When using 95 

an automated classification, the subjectivity is limited due to a unbiased mapping approach, which is 96 

also much faster, when compared to manual interpretation. Although a wide collection of landslide 97 

mapping research has been published,  no model has been designed to automatically map landslides 98 

over time with artificial intelligence models thus far. 99 

This study presents an approach to temporally map landslides, illustrated for the Mailung area of 100 

Nepal, which was affected by the 2015 Gorkha earthquake, in which large changes in landslide activity 101 

can be observed between 2013 and 2017.  102 

 103 



2. Study area  104 

The study area is located in central Nepal's higher Himalayan district of Rasuwa and is among the most 105 

landslide-affected region (see Figure 1). The most common land cover is forest, grassland, shrubland, 106 

farmland, and rural regions. With an annual average rainfall of 691mm, this region's climate is 107 

influenced by orographic monsoon precipitation. Landslides were triggered after the 2015 Gorkha 108 

earthquake that dammed the river, which resulted in the formation of multiple lakes behind the dams 109 

in various locations. The leading cause of severe flash floods and monsoonal rains is water obstruction 110 

behind landslide-induced dams. (see Figure 1).  111 

Due to the Gorkha earthquake in April 2015, more than 80 lives were perished as a result of landslides 112 

and rockfalls near the hydropower project construction camps in Mailung village. The damages 113 

resulted in a drop in energy output as well as significant economic damage (Schwanghartet al., 2018).  114 

The orographic monsoon precipitation can be severe, with an annual average rainfall of about 700 mm. 115 

Landslides in the areas affected by the Gorkha earthquake were mapped  by Kargel et al. (2016), Martha 116 

et al. (2016), and Roback et al. (2018). Rosser et al. (2021) also monitored the landslide evolution of new 117 

post-seismic landslides by manually generating detailed time-series landslide maps. Therefore, the 118 

preface and importance for multi-temporal mapping is witnessed and realised. 119 



 120 

 121 

Figure 1: A: Study area location. B: MTL mapped over the years between 2013 and 2019 in the 
investigation area (red outline) with landslides (yellow) used as preliminary training data for the deep 

learning model. 

A 
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3. Data used and methodology 122 

3.1 Data sets and sampling strategy 123 

We generated annual landslide inventories of an area of 33km2 using RapidEye images from Planet 124 

Labs (Planet Team, 2017), acquired over the years between 2013 and 2019 by manually digitising the 125 

landslide polygons (Table 1). The seven satellite images have 5 metre pixel resolution and five bands 126 

of Red, Green, Blue, Red-edge, and Near-infrared. Apart from these landslide inventories, landslides 127 

were also digitised outside the investigation area (yellow polygons in Figure 1) to be used as initial 128 

training data. The conceptualisation of the research is shown in figure 2. 129 

Table 1: Information about the satellite images from Planet and the respective landslides. 130 

Gorkha Earthquake of 2015 

 Image 

acquisition 

dates 

Number of 

landslides 

Landslide Area (m2) 

 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  768.3 137,397.8 

Post-seismic (2017) 12-11-2017 63 1,188,037.6  724.5 141,102.3 

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 

 131 

We mapped 55 landslides for 2016 for the first training phase which are located outside of the area of 132 

investigation (Figure 1-B red outline), to avoid bias. The To test the model's prediction capabilities, the 133 

U-Net model was trained for 250 epochs and then validated in the investigation area for the year 2016 134 

(one year after the Gorkha earthquake). We used model checkpoint to save and choose the epoch  with 135 

the best accuracies. We then applied transfer learning within the investigation area for each year from 136 

2013 to 2019, which varies not only geographically but also temporally and spectrally. Weight 137 

initialization was unnecessary because pre-training weights were already specified. In this next phase 138 

of training, we first sampled the landslides inside the investigation area into two sets: a training set 139 

(70%) (for re-training) and a testing set (30%), and then using the pre-trained weights, we performed 140 

transfer learning by re-training the model within the investigation area and testing the model 141 

prediction capability with the test set. We also choose satellite images from the same late autumn/early 142 

winter season with low cloud cover to maintain similar spectral characteristics. Spectral differences are 143 

witnessed in the temporal image acquisitions (Anderson & Perry, 1996; Huete, 2004), and coupled with 144 

image distortions for each acquisition, modelling the landslides was a challenging task as we see later 145 

in section 4. 146 

We extracted patches of 128 x 128 pixels from the input satellite images, as suitable input for CNNs, 147 

based on Ghorbanzadeh et al. (2021) and Prakash et al. (2021), who reported  optimal accuracies of F1-148 

score, Precision, and Recall using this patch size. By rasterizing the manual inventory of the different 149 

years with 5 meter grid cells, the associated binary masks were created. Data augmentation is also 150 

adopted to artificially expand the training samples by applying image transformations like rotation, 151 



shear, horizontal and vertical flips. These augmentations help in diversifying the training dataset and 152 

aid in regularising the model to better generalise landslide features (Kukačka, et al., 2017; Shorten and 153 

Khoshgoftaar, 2019). We applied these augmentations respectively to the satellite images and the 154 

corresponding binary masks.  155 

 156 

Figure 2: Conceptual diagram of the methodology. A: data acquisition of satellite images between 2013 157 
and 2017, and manually annotated landslides of the same periods. B: model training and prediction 158 
using transfer learning. C: comparison methods with classical metrics and landslide spatial 159 
distribution. 160 

3.2 U-Net Model 161 

3.2.1 Model training and transfer learning 162 

The U-Net model has been used extensively for landslide detection (Ronneberger, et al., 2015) due to 163 

its robust network structure and segmented pixels as outputs(Ghorbanzadeh, et al. , 2021; Prakash et 164 

al. , 2021; Zhang et al., 2018). The U-Net model (Figure 3) has many advantages. One of these is that it 165 

extracts local  features through skip connections between the encoder-decoder stages. As spatial details 166 

tend to get lost at the deepest end of the encoder stages during model training, the decoder stage with 167 

the help of the skip connections retrieve the relevant spatial information from the low-level features 168 



and provides per-pixel segmented results. In this study, we use a deep U-Net model with 5 169 

convolutional blocks containing 10 convolutional layers in total.  170 

 171 

Figure 3: An overview of the U-Net model used in our research. 172 

We adopt a transfer learning mechanism to train a temporally generalisable model that would be able 173 

to detect and map landslides over time. The goal of transfer learning is to transfer the information from 174 

previous data and apply what the model has learnt in a new environment, which might be difficult to 175 

learn in otherwise. The weights from a prior model can be used in a new region of interest, with the 176 

network learning on top of the pre-trained model and retraining an output layer using the target 177 

landslide data set. This strategy can reduce the model's training time and increase its effectiveness in a 178 

new region (Bai, Wang, Zhang, & Cheng, 2012; Xu et al., 2013). 179 

3.2.2 Hyper-parameter tuning 180 

In this study, the Adam optimiser was employed as advocated by Bottou (2010) and Pan et al. (2020) 181 

due the adaptive learning capability of the optimiser which allows faster convergence to decrease the 182 

loss, thereby improving model accuracy. Different learning rates are investigated as well, within the 183 

Adam optimiser, to enhance training speed and balance model overfitting. As an outcome of this stage, 184 

heat maps of probability pertaining to the classes landslides and non-landslides are generated. After 185 

training, the outcome is a binary image that differentiates between landslides and non-landslides pixels. 186 

The U-Net model training was conducted in the Python environment on an NVIDIA RTX 3060 GPU (6 187 

GB VRAM) and 16 GB of RAM.  188 

One of the most critical processes in regulating the model's general behaviour is hyper-parameter 189 

tuning. The aim is to identify the optimal hyper-parameter combination that minimizes the loss and 190 

produces the best result. In this study, the Tversky Loss (equation 1) (Abraham & Khan, 2019) function 191 

was applied. Using so-called beta weights, the Tversky loss has the benefit of immediately modifying 192 

and adjusting the False Positives and False Negatives. The alpha and beta parameters of the Tversky 193 

loss function regulate the false positives and false negatives, respectively, thereby impacting the overall 194 

prediction capability of the model. This parameter helps decrease model loss when training to obtain 195 

improved accuracy by adjusting the imbalance between the data within landslides and non-landslides 196 

classes. 197 

𝑇𝑣𝑒𝑟𝑠𝑘𝑦 𝐿𝑜𝑠𝑠 =  
𝑇𝑃+𝜀

𝑇𝑃+𝛼×𝐹𝑁+ 𝛽×𝐹𝑃+ 𝜀
    (1) 198 

where,  199 



TP = True Positives 200 

FP = False Positives 201 

FN = False Negatives 202 

ε = A constant value of 0.0001 (by default) which prevents the loss from becoming infinite.  203 

α = Alpha parameter that adds weight to the FNs. 204 

β = Beta parameter that adds weight to the FPs. 205 

 206 

3.3 Accuracy assessment  207 

3.3.1 Classical metrics 208 

The model's prediction outputs are binary maps of landslide areas, which are then compared against 209 

manually mapped landslides (ground truth) using the Precision (equation 2), Recall (equation 3), and 210 

F1-score (equation 4) accuracy metrics. These metrics are calculated using True Positives (TPs), False 211 

Positives (FPs), and False Negatives (FNs), where, TPs are accurately identified landslide areas, FPs are 212 

non-landslide areas being detected as landslide areas, and FNs are landslide areas that were missed out 213 

by the model. Precision here refers to how well the model detects the landslide class. Recall is the number 214 

of times that the model detects the landslide class, and F1-score finally is the harmonic mean of (2) and 215 

(3) and acts as a balance between the two.  216 

 217 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 218 

 219 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3)  𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 220 

 221 

3.3.2 Landslide statistics and spatial distribution 222 

The inventories used for training and validation were generated manually using visual image 223 

interpretation (See Table 1). Landslide statistics were evaluated for the manually annotated and 224 

predicted landslides for each respective year between 2013 and 2019 using information such as the total 225 

landslide area, maximum and minimum landslide area. Landslide densities were also analysed using 226 

the number of landslides per square kilometres in the different years. We used the kernel density toolset 227 

in GIS platform to create the landslide density hotspots. The kernel density toolset uses a moving 228 

counting kernel to determine density per unit area using point features generated by calculating the 229 

centroids of landslide polygons. The landslide density gives us an idea about the spatial location and 230 

changes in the spatial distribution of landslides over the years with the MT inventories. 231 

 232 

4. Results and discussion 233 

4.1 Multi-temporal landslide detection using U-Net  234 

We compared the results against manually annotated landslides for accuracy assessment after using 235 

transfer learning for the different years. The model was evaluated on the test sets using the classical 236 

evaluation metrics of Precision, Recall, and F1-score, and using the change in landslide density. As 237 

discussed previously, we trained the model with landslides outside the investigation area (Figure 2) 238 

and tested on the investigation area of the year 2016 (one year after the Gorkha event). The results of 239 

the metrics can be seen in Table 2 and Figure 4. After that, we used transfer learning with pre-trained 240 

weights to re-train in our investigation area with newer landslide instances for each year from 2013 till 241 

2019. In order to remove and filter out insignificant landslides detections by the model (which show a 242 



typical random effect of individual pixels in a so-called salt and pepper effect), we used a threshold 243 

area of 200 m2 to filter out these isolated pixels, and thereby, cleaning the overall results.  244 

Table 2: Table of various hyper-parameter combinations based on the preliminary training data and 245 
test data of 2017 (bold are the best combinations results). 246 

Learning 

Rate 

Number of 

filters 

Batch Size Loss Precision Recall F1-score 

1e-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 

1e-3 16 16 0.208 0.826 0.719 0.769 

1e-3 32 16 0.226 0.865 0.618 0.721 

1e-3 8 32 0.233 0.803 0.700 0.746 

1e-3 16 32 0.205 0.824 0.725 0.771 

1e-3 32 32 0.188 0.850 0.731 0.785 

1e-4 8 8 0.559 0.710 0.678 0.694 

1e-4 16 8 0.258 0.792 0.651 0.714 

1e-4 32 8 0.220 0.821 0.699 0.755 

1e-4 8 16 0.602 0.665 0.777 0.716 

1e-4 16 16 0.325 0.791 0.607 0.687 

1e-4 32 16 0.237 0.813 0.695 0.749 

1e-4 8 32 0.584 0.000 0.000 0.000 

1e-4 16 32 0.364 0.755 0.750 0.752 

1e-4 32 32 0.242 0.818 0.702 0.755 

1e-5 8 8 0.850 0.402 0.958 0.566 

1e-5 16 8 0.753 0.547 0.892 0.678 

1e-5 32 8 0.432 0.801 0.654 0.720 

1e-5 8 16 0.838 0.332 0.955 0.493 

1e-5 16 16 0.792 0.527 0.858 0.653 

1e-5 32 16 0.509 0.754 0.753 0.752 

1e-5 8 32 0.836 0.196 0.989 0.327 

1e-5 16 32 0.813 0.477 0.898 0.623 

1e-5 32 32 0.710 0.583 0.882 0.702 

 247 

The appropriate combination of hyper-parameters allows the model to attain the optimal performance 248 

and thus to yield the highest possible mapping accuracy. As we see in Table 2, the best result of F1-249 

score of 78.5% is achieved by the combinations of number of filters 32, batch size 32, and a learning rate 250 

of 0.001. This set of combinations were hence chosen for the re-train and testing using transfer learning 251 

on the other years inside the investigation area.  252 

Based on numerous experiments for the optimal β value in the Tversky Loss function, β=0.7 proved 253 

best for the results of mapping the landslides over time. This is because setting β values higher than 0.7 254 

give stronger attention on the FPs thus heavily reducing the Recall and/or reducing the Precision. In 255 

our study case, β=0.7 gave the best scores in terms of a balanced FP and FN, thereby mitigating the 256 

imbalance between Precision and Recall.  257 



Table 3: Table of results for each year between 2013 and 2019 (using 32 filters, a batch size of 32 and a 258 

learning rate of 0.001). 259 

Year   Loss Precision Recall F1-score 

2013   0.320 0.752 0.651 0.697 

2014   0.165 0.762 0.696 0.727 

2015   0.340 0.843 0.450 0.586 

2016   0.205 0.927 0.603 0.731 

2017   0.175 0.882 0.724 0.795 

2018   0.290 0.753 0.633 0.688 

2019   0.362 0.600 0.759 0.669 

 260 

We can see in figure 4 the various landslide footprints that were detected by the model for the years 261 

between 2013 and 2019, tallied against the respective manually annotated landslide footprints.  262 



 263 



Figure 4: Predicted landslides versus the manually delineated landslides of the years 2013 till 2019. 264 

4.2 Comparing the spatial distribution of manual (observed) and predicted landslides  265 

The spatial distributions of the manual and predicted landslide polygons were compared with  266 

landslide statistics and landslide density (LD) for each year. The findings are presented in Table 4. 267 

Table 4: Comparison of landslide statistics for the manually mapped landslide inventories versus the 268 

predicted ones. 269 

Year Manually Annotated Landslide Inventory (MI) Predicted Landslide Inventory (PI) 

 Total 

number of 

landslides 

(TL) 

Total area 

of 

landslides 

(T AL) in m2 

Minimum 

area of 

landslides 

(Min AL) in 

m2 

Maximum 

area of 

landslides 

(Max AL) in 

m2 

Total 

number 

of 

landslides 

(TL) in m2 

Total area 

of 

landslides 

(T AL) in 

m2 

Minimum 

area of 

landslides 

(Min AL) in 

m2 

Maximum 

area of 

landslides 

(Max AL) 

in m2 

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 1,048,197.0 217.1 255,057 

2018 55 1,315,124.4 724.5 141,102.3 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 

 270 

Table 4 shows that the minimum landslide area is almost always around 200 m2, as this values was 271 

chosen as threshold to avoid mapping of individual pixels. A single landslide in the manual 272 

interpretation can sometimes be predicted as multiple instances in the predicted inventory, as the 273 

possible functional connection between them (e.g. along a debris flow channel) cannot be analyzed 274 

automatically. This is a very common issue as seen in the works of Prakash et al. (2021) and Zhang, 275 

Pun, and Liu (2021) and thus post-processing approaches should be employed to reduce the problem. 276 

The opposite is also witnessed in the inventories of 2015 where we see that MI had a higher number of 277 

landslides than PI. The reason behind this is the fact that some landslides were not detected by the 278 

model, as explained in the low F1-score of 58.6% (Table 3), thereby resulting in lower TL. However, the 279 

Max AL and the T AL give a more positive and optimistic overview of the detected landslides in general, 280 

since they are comparable across all the investigated years. Moreover, we also obtained more landslides 281 

that are actually missing in the inventory, and therefore, the additional area seen in Table 4 is actually 282 

more representative. Interestingly, we also notice that the trend of the total number of landslides ( TL) 283 

is quite similar between MI and PI. The number of landslides increases in 2015 as a result of the Gorkha 284 

earthquake, then gradually declines in the subsequent years. This observation is in line with recent 285 

post-seismic landslide evolution studies  (Fan et al., 2021). We can also notice that the areas and number 286 

of active landslides between MI and PI are different. This can be attributed to the previously discussed 287 

fragmentation problem in terms of the model predictions. Table 3 reflects varying results in the F1-288 

scores, although from a spatial point of view, they are related to the same area. This is because the 289 

image acquisitions, even in the same seasons (late autumn and early winter), have different spectral 290 

reflectance/atmospheric disturbances, which confuse the model even while predicting the same 291 

landslides repeatedly. The image of 2015 was the most different spectrally, and that’s why we see in 292 



Table 3 that the best F1-score is only 58%. However, for the other years, the F1-scores varies between  293 

65% and 80%. 294 

Figure 6 illustrates the problems discussed above for the year 2015 where the landslide detections are 295 

relatively poor compared against the rest. Many landslides seem to be missing in the centre and the 296 

eastern part of the area, which is indicative of the poor F1-score of 58%. This explains the lower value 297 

of TL in Table 4 for the predicted inventory (108) against the manual inventory (136). As discussed 298 

previously, this can occur because of the observed differences in the spectral reflectance which reduces 299 

the efficiency of the model to predict the landslides of 2015. Much better predictions are observed in 300 

the south-western part of the map where the landslides are mapped almost identically. However, a 301 

substantial number of landslides are also missed out in the eastern part of the map for the years 2013, 302 

2015, and 2019. Overall, the prediction over the different years very well captures the general location 303 

of the landslide footprints and gives a positive outlook towards employing DL methods for MT 304 

inventory generation.  305 

To analyse the landslide density (LD) 306 

per square kilometre, we used the 307 

centroid of each landslide polygon. We 308 

used landslide inventory datasets from 309 

2013-2019 obtained from satellite 310 

images for the same season after the 311 

monsoon. Based on the results in Table 312 

4, variation in the total number of 313 

landslides as well as landslide area can 314 

be seen in the manual and predicted 315 

inventories. Total area of landslides (T 316 

AL) in manual inventories ranges from 317 

438,778.5 m2 to 1,855,911.8 m2 and for 318 

the predicted ones, it ranges from 319 

369,595.9 m2 to 1,633,912.1 m2. 320 

Moreover, the smallest and largest 321 

mapped landslide polygon varies as 322 

well, both for the manual and 323 

predicted inventories (Table 4). To 324 

understand the variations in the spatial distribution of the inventories across the years, a landslide 325 

density (LD) analysis was performed for both manual and predicted inventories. The LD distribution 326 

varies for manual and predicted inventories ranging between 3.22  and 2.59 landslides/km2, 327 

respectively, in the year 2013. After 2015 earthquake event, the landslide density increased to 16.46 328 

landslides/km2 and 11.47/km2 for the manual and predicted inventories, respectively. The trend for LD 329 

distribution for the same area declined after 2016 for the manual inventory and the same is observed 330 

for the predicted inventory (Table 5).  331 

For two cases (2013 and 2015), the landslide density of the predicted landslide inventories is lower than 332 

the manual inventories while, for the rest of the years it is the opposite. While for 2013 the difference is 333 

relatively small (-0.63), this is much larger in 2015 (-4.99) as seen in Table 5. In 2015, the overall 334 

prediction is weaker when compared to the other years. In fact, since the Recall is around 45% (Table 335 

3) for 2015, most of the landslide pixels were missed out by the model.  336 

Figure 5: Fragmentation of the landslides of the predicted 
inventories (red) compared to the manual inventories (blue). 



However, for the year 2016, we observe that the LD of PI is higher than that of MI, showing a positive 337 

difference of 3.17. Notice that after the event in 2015, the LD of MI decreased (as expected due to re-338 

vegetation in the terrain) from 16.46 to 8.37 but this behaviour was not reflected in PI as the LD 339 

remained almost the same. This phenomenon can be explained by the fragmented predictions made by 340 

the model as illustrated in Figure 5. As the model predictions are pixel-based, landslide bodies may be 341 

predicted in portions. Thus, a single landslide body can be fragmented into two or more bodies yielding 342 

more portions for the same landslide body. This phenomenon leads towards an increase in the overall 343 

number of landslides per km2. Like TL, the overall trend of the LD for both MI and PI are similar where 344 

we first see an increase in the density in 2015 followed by decrease in the following years (except for 345 

the 2016 outlier for P).  346 

Table 5: Comparison of landslide density for the manually annotated landslide inventories versus the 347 

predicted landslide inventories. 348 

Years Density of the manual 

landslide inventory MI (Nr / 

km2) 

Density of the predicted 

landslide inventory PI  

(Nr / km2) 

Difference (PI - MI) 

(Nr / km2)  

2013 3.22 2.59 -0.63 

2014 3.62 6.64 3.02 

2015 16.46 11.47 -4.99 

2016 8.37 11.54 3.17 

2017 6.16 7.46 1.30 

2018 4.85 7.35 2.50 

2019 4.70 6.99 2.25 



 349 



 350 

Figure 6: The density of the landslides of the manually annotated versus the predicted inventories for 351 
the year 2013 till 2019. 352 

5. Conclusions 353 

Mapping landslides automatically is a difficult task and much research has been conducted that shows 354 

how well DL models can be used to map landslides efficiently and rapidly. But this mapping endeavour 355 

through DL models is thus far only explored spatially, and not temporally. We propose the first multi-356 

temporal landslide inventory mapping effort with the U-Net DL model to automatically detect and 357 

map landslides over time by using medium resolution RapidEye images of the Nepal Mailung area for 358 

the years between 2013 and 2019. The U-Net model is first trained separately outside the investigation 359 

area to test model effectiveness in a geographically distinct area and then the weights learnt from this 360 

first training phase are utilised to map landslides over time within the investigation area using transfer 361 

learning. The model's performance is assessed using classical metrics on the test set, as well as 362 



differences in spatial distribution and landslide statistics between the manual and modelled 363 

inventories. 364 

A typical issue in the successful implementation of a data-driven model for landslide mapping tasks is 365 

the shortage of training data. Although the use of 55 training samples can be usually judged as very 366 

small for effective training of a deep learning model, it has shown itself effective in our study by 367 

applying data augmentation techniques to expand the amount of training samples, thereby allowing 368 

the model to generalise better in predicting landslides temporally. A major challenge faced has been 369 

the spectral reflectance differences between each image acquisition for each year. Results show that for 370 

each year, the overall F1-scores are different because of these variations in the spectral reflectance for 371 

each year, however, in general, the landslide footprints are mapped very well for each year. The results 372 

also show that using training samples of only 55 landslides from a geographically separate area is 373 

enough to detect landslides temporally in interested regions, and also to get more than adequate 374 

accuracies to generate MT inventories. Various gaps and constraints remain despite the fact that this is 375 

the first study to attempt in MT mapping of landslides. Among them: i) the choice of seasonality has to 376 

be investigated further, as it is responsible for significant spectral changes in imagery, mostly linked to 377 

vegetation.; ii) determining landslide footprints of each respective year while avoiding double 378 

counting. 379 

Our next focus will be on attempting to detect and map multi-temporal landslides over different 380 

topographic regions in order to test how well such models perform in terms of their generalisation 381 

capability. Moreover, different models will also be experimented to utilize more advanced networks 382 

and layers at improving the mapping of landslide footprints.  383 

6. Data and code availability 384 

We present the data and codes openly available at https://github.com/kushanavbhuyan/Multi-385 

Temporal-Landslide-Mapping-Nepal to encourage reproducibility of the study. We include a Jupyter 386 

Notebook script and the trained model weights, making it straightforward for interested academics to 387 

design and test MT landslide inventories in new regions of interest. 388 
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