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ABSTRACT

Real-time prediction of landslides is a complex process encompassing many factors and methodologies. Physical models cannot meet the
demands of real-time prediction due to their time-consuming computational process. This study aims to develop a real-time prediction
technique for shallow landslides based on the Transformer Model. Taking the Xindian River in Taiwan as a case study, this research utilized
historical rainfall scenarios and the TRIGRS model to generate the dataset. We constructed a Transformer proxy model with the dataset and
assessed its model performance. The research findings revealed that the slope safety factor predicted by the Transformer was very close to
the slope safety factor simulated by the TRIGRS model, especially in areas where the Factor of Safety was below two. The total time required
for the Transformer model prediction was 7.68 seconds for a 48-hr rainfall event, which was only 0.002 times the time initially required for

TRIGRS simulation.

INTRODUCTION

The real-time prediction of landslides is a complex process involving multiple factors and methods. For instance, deploying wireless sensors
in high-risk areas can monitor parameters such as soil moisture, ground displacement, and groundwater levels and transmit data to a central
monitoring system to predict landslide risk (Chae et al. 2017). Prolonged heavy rains or continuous rainy seasons may saturate the soil, in-
creasing the risk of landslides. Monitoring meteorological data in real-time makes it possible to forecast landslides that may occur in the short
term (Teja et al. 2019). With advancements in technology, particularly the development of machine learning and deep learning techniques,
the accuracy and efficiency of landslide prediction have significantly improved. These studies allow us to understand landslide prediction
methods deeply and offer directions for future research and applications (Gholami et al. 2019; Liu et al. 2022; Merghadi et al. 2018).
TRIGRS (Transient Rainfall Infiltration and Grid-based Regional Slope-stability analysis) is a numerical model used to assess the impact of
rainfall infiltration on slope stability (Baum et al. 2008). It is widely applied to understand and manage the risk of slope disasters (do Pinho
and Augusto Filho 2022; Konig et al. 2022). The Transformer model was introduced by Vaswani et al. (2017) and is characterized by its
complete departure from traditional Recurrent Neural Networks and Long Short-Term Memory structures, relying solely on self-attention
mechanisms to capture dependencies in sequences. The Transformer Model has performed exceptionally well in many Natural Language
Processing tasks, such as machine translation (Karita et al. 2019), generation (Keskar et al. 2019), classification (Liu et al. 2021), and more.
Additionally, Transformer-based models like Bidirectional Encoder Representations from Transformers (Devlin et al. 2018) and Generative
Pre-training Transformer (Radford et al. 2018) have become mainstream models in natural language processing. The current practice for re-
al-time landslide prediction primarily relies on rainfall amounts for issuing alerts without taking into account the physical mechanisms. This
is because the computational process of physical models is time-consuming, rendering them unsuitable for real-time prediction purposes.
This study aims to develop a shallow landslide real-time forecasting technique based on the Transformer Model. The study focused on the
Taiwan Xindian Riveran, using historical rainfall scenarios and the TRIGRS model to generate the dataset. A Transformer proxy model was
established using the constructed model dataset, and its performance was evaluated and compared with TRIGRS. The study has two main
research objectives: (1) to compare the accuracy of the Transformer model with the TRIGRS model and (2) to assess how much faster the

Transformer model can be compared to the TRIGRS model.

MATERIALS AND METHODS

The Xindian watershed is critical in the region’s hydrology. It is located upstream of Taipei, Taiwan’s capital (see Fig. 1). The Xindian River,
a primary tributary to the Tamsui River, holds substantial significance as a source of potable water for both Taipei and New Taipei cities. As
illustrated in Figure 2, the study area spans an extensive 49,000 hectares. The region showcases a varied elevation spectrum and is distin-
guished by its plentiful canyon-esque topography, particularly pronounced along the banks of the Nanshi River. The geological framework
of the study area is chiefly composed of formations such as Tatungshan, Szeleng Sandstone, Kangkou, Mushan, and Tsuku. Dominant
materials within these formations encompass sandstone, argillite, slate, shale, and siltstone, with their geological ages spanning from the
Holocene to the Eocene epochs. Moreover, the area is interspersed with a rich network of geological folds and faults. Given the delicate
and fragmented geological conditions within the Nanshi River basin, the emergence of geo-hazards and sedimentation issues pose imminent

concerns within the locale (Wei et al. 2018).
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Figure 1 Location map of Xindian River
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TRIGRS is a numerical model utilized for assessing slope stability induced by rainfall. It amalgamates the processes of rainfall infiltration
and slope stability analysis to forecast potential landslide areas. The TRIGRS model initially simulates the infiltration of rainwater in the soil.
This process considers the soil’s physical characteristics, initial moisture conditions, and the intensity and duration of rainfall. The required
input parameters for setting up the model include soil physical properties (such as shear strength, porosity, saturation, etc.), slope geometric
conditions (like slope angle, height, etc.), and rainfall conditions (such as rainfall intensity, duration, etc.). The model calculates the impact
of infiltrated water on soil pore-water pressure, which is a critical factor in assessing slope stability. An increase in pore-water pressure
reduces the effective stress in the soil, thereby diminishing the strength of the slope. Infiltration equations are employed to simulate the
movement of rainwater within the earth. The model continually updates the soil moisture conditions and pore-water pressure throughout

the computation. The general form of the infiltration equation is as follows:
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Here, U represents the soil moisture content, t represents time, z represents depth, K(9) denotes the unsaturated conductivity of the soil, and
h denotes the soil water head. TRIGRS employs the Limit Equilibrium Method to evaluate the stability of the slope. Based on the Mohr-Cou-
lomb failure criterion, this method considers the soil’s shear strength and the slope’s geometric conditions. The Limit Equilibrium Method
calculates the slope’s Factor of Safety (FS) using the updated pore-water pressure and soil conditions. An FS value less than 1 indicates slope

instability, posing a risk of landslides. The formula for calculating the Factor of Safety (FS) is as follows:

Tresist

FS =

Tmobilize

Here, tresist represents the shear resistance of the soil, and Tmobilize means the shear stress on the slope. The model generates a spatial
distribution map of slope stability, displaying the landslide risk in different areas. High-risk areas can be prioritized for future monitoring
and disaster prevention planning.

The Transformer is a deep learning architecture based on the self-attention mechanism, primarily used for handling sequential data, such as
text data in natural language processing. It consists of an encoder and a decoder, each containing multiple identical layers, which utilize the
self-attention mechanism to capture global dependencies within the sequence. The Transformer first converts input sequences (e.g., words
in a sentence) into vectors, a process known as embedding. Additionally, it incorporates position encoding into the input embeddings to
retain word order information within the sequence. The self-attention mechanism enables the model to compute the relationships between
each element and every other element within the sequence, thereby generating a new sequence of the same size. The computation formula

for self-attention is as follows:

T
Attention(Q,K,V) = softmax Q— %4

vk
Here, Q, K, and V represent query, key, and value, respectively, which are linear transformations of the input data. dk is the dimension of

the key. The Transformer diversifies the self-attention operation into multiple “heads,” each focusing on different parts of the input, then

concatenates the outputs of each “head,” allowing the model to capture information from different representational space positions.

MultiHead(Q,K,V) = Concat(heady, ..., heady W9

head; = Attention(QW,%, kWX, vw})

Here, W°, W, WK, and W," are learnable parameter matrices. Each encoder and decoder layer contains a feedforward network (Feedfor-
ward Network) that further transforms the output of the self-attention layer. Additionally, each sub-layer (self-attention layer and feedforward

network) employs residual connections followed by layer normalization.
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FFN(X) = max(O, le + bl) W2 + bz

Here, W, b,, W,, and b, are network parameters. The decoder also includes an additional self-attention layer for attending to the encoder’s

output. While generating predictive outputs (e.g., translated words), it considers the encoder’s and decoder’s output thus far.

The overall process of this technique is illustrated in Fig. 2, encompassing three main stages: (a) data generation and preprocessing, (b)
offline training, validation, and testing, and (¢) online prediction. In the first stage, rainfall data from historical storm events and geomorpho-
logical parameters are input into the TRIGRS model to simulate the overall slope safety factor of the catchment area. Through this process,
we obtain a composite dataset comprising rainfall data, geomorphological data, and safety factor maps. The composite dataset is partitioned
into training, validation, and testing datasets in the second stage. The training and validation datasets are utilized to tune the parameters of
the Transformer model, while the testing dataset is employed to evaluate the final performance of the trained Transformer model. In the

third stage of online prediction, the Transformer model can predict the slope safety factor for rainfall events it has not encountered before.
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Figure 2 Flowchart for real-time prediction technology of collapse

RESULTS AND DISCUSSION

Fig. 3 presents the distribution of safety factors by TRIGRS and Transformer during the testing events. Fig. 3(a) displays the results simulated
by TRIGRS, while Fig. 3(b) shows the results predicted by Transformer. The presented results indicate that the predictions by Transformer
are very close to the simulations by TRIGRS, with both having a Root Mean Square Error (RMSE) of 0.13. Fig. 4 depicts the distribution of
simulated results by TRIGRS and predicted results by Transformer during the testing events. The closer they are to the middle black solid
line, the more accurate the predictions by Transformer. Especially in the range of FS<2, which is our primary concern for the safety factor
range, we observe that the predictions by the Transformer are highly consistent. Fig. 3(c) presents the percentage of prediction error in safe-
ty factors, with most error percentages ranging between -10% and +10%. The results above demonstrate that the error in the Transformer’s
predictions is insignificant.

The training time for the Transformer model is 11.53 hours. Regarding prediction time, taking a 48-hour rainfall event as an example, the
simulation time required by TRIGRS is 1.00 hour. However, the total time required for the Transformer to make 48 predictions is only 3.84
seconds, which is merely 0.002 times the original simulation time by TRIGRS. Such results signify that the Transformer can predict real-time
FS.
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FS forecasted by Transformer
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Figure 4 Comparison of FS between Transformer and TRIGRS

FS simulated by TRIGRS
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CONCLUSIONS

This study aims to develop a real-time prediction technique for shallow landslides based on the Transformer model. The research findings
revealed that the slope safety factors predicted by the Transformer model closely align with those simulated by the TRIGRS model, particu-
larly in areas where FS was below two. Both models had an RMSE value of 0.13, with most error percentages between -10% and +10%. For
a 48-hour rainfall event, the total time required for prediction by the Transformer model was 7.68 seconds, which was merely 0.002 times
the time initially needed for simulation by the TRIGRS model. These results highlight the potential of the Transformer model in real-time

prediction of landslides.
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