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Abstract: 18 

Landslide hazard mitigation faces dual demands from short-term emergency response and 19 

medium- to long-term engineering planning. Short-term forecasting is essential for immediate 20 

actions such as personnel evacuation and equipment deployment, whereas medium- and 21 

long-term forecasting guides engineering scheduling, resource allocation, and rainy-season 22 

hazard control. Existing data-driven models predominantly focus on short-term displacement 23 
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prediction and often lack physical constraints and engineering applicability, making them 24 

insufficient for multi-scale and full-cycle disaster-prevention requirements.This study proposes 25 

a dual-stream deep learning model that integrates temporal dynamics and physical 26 

mechanisms, and further embeds it into a digital-twin platform to enable multi-timescale 27 

landslide prediction, risk-indicator assessment, and closed-loop engineering decision-making. 28 

The model employs two cooperative branches to capture short-term fluctuations and long-29 

term deformation trends simultaneously, while a co-attention mechanism fuses their 30 

complementary information. Based on predicted displacement, we design a set of multi-31 

timescale engineering risk indicators—including a short-term acceleration-sensitivity index, a 32 

medium-term trend-risk index, and a long-term integrated deformation index—to 33 

systematically map model outputs to four engineering early-warning levels.Within the digital-34 

twin platform, the predictive outputs and risk indicators are visualized to trigger short-term 35 

emergency responses, monthly engineering scheduling, and quarterly mitigation planning. 36 

The proposed framework is validated using a case study of a rainfall-induced landslide in Yunxi 37 

County, Shiyan City, Hubei Province. Results demonstrate that the model reliably captures 38 

anomalous displacement patterns across different time horizons, enabling earlier warning 39 

issuance, optimized resource deployment, improved personnel and equipment safety, and 40 

enhanced engineering-intervention effectiveness.  41 
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1. Introduction 45 



 

 

Landslide hazard miƟgaƟon entails dual engineering objecƟves: short-term emergency 46 

response and medium- to long-term stabilizaƟon and management. On the one hand, short-47 

term (daily to weekly) forecasƟng is directly linked to emergency acƟons such as Įeld 48 

personnel evacuaƟon and equipment mobilizaƟon. On the other hand, medium- and long-49 

term (monthly to seasonal) trend assessments provide essenƟal foresight for engineering 50 

scheduling, Įnancial planning, and resource allocaƟon. However, current monitoring and 51 

early-warning systems suīer from signiĮcant limitaƟons in engineering pracƟce. Short-term 52 

acceleraƟon phases are oŌen detected too late to support Ɵmely 24–48 h advanced response. 53 

Meanwhile, trend driŌ in medium- to long-term predicƟons frequently leads to false alarms 54 

or missed alarms, especially during the rainy season, resulƟng in reduced trust from local 55 

communiƟes and engineering units. These deĮciencies may further trigger subopƟmal 56 

emergency funding decisions and improper allocaƟon of engineering resources. Consequently, 57 

there is an urgent need within engineering departments for a uniĮed forecasƟng system 58 

capable of maintaining stable performance across short-term, monthly, and quarterly 59 

Ɵmescales to support reliable mulƟ-horizon decision-making. 60 

In recent years, deep learning approaches—such as LSTM/GRU, Temporal ConvoluƟonal 61 

Networks (TCN), and Transformers—have demonstrated substanƟal advantages in short-term 62 

displacement forecasƟng and rolling updates[1–3]. Meanwhile, signal decomposiƟon 63 

techniques such as EEMD, CEEMDAN, and VMD eīecƟvely miƟgate the inŇuence of 64 

nonstaƟonary disturbances on predicƟon performance[4–6]. Nevertheless, most of these 65 

methods rely solely on displacement Ɵme series and lack explicit physical constraints, limiƟng 66 

their generalizaƟon across Ɵme periods and across sites [7,8]. Under complex geological 67 



 

 

condiƟons, purely data-driven black-box models are insuĸcient to support the full-cycle 68 

requirements of landslide miƟgaƟon—from short-term early warning to medium- and long-69 

term engineering management. 70 

To enhance both model robustness and engineering interpretability, two complementary 71 

research direcƟons are emerging in geotechnical and geological engineering. The Įrst focuses 72 

on mulƟ-component and mulƟ-scale sequence modeling, in which displacement signals are 73 

decomposed into trend, periodic, and stochasƟc components, followed by feature fusion to 74 

beƩer accommodate nonstaƟonarity and seasonality[6,9] . The second embeds physical 75 

knowledge—such as mechanical constraints, boundary condiƟons, and prior relaƟonships—76 

into loss funcƟons or network architectures to miƟgate extrapolaƟon biases and improve 77 

predicƟve reliability[10]. However, exisƟng studies oŌen delve deeply into only one of these 78 

aspects, and few have realized a uniĮed framework that jointly models temporal data, physical 79 

variables, and governing constraints. In parƟcular, comprehensive opƟmizaƟon across mulƟple 80 

Ɵmescales and the control of cross-scale error propagaƟon remain largely unexplored[11]。 81 

In view of the above engineering and academic problems, this paper proposes a full-cycle 82 

landslide predicƟon and intelligent risk decision-making framework based on Ɵme series + 83 

physical dual-Ňow deep learning (Fig. 1). At the data-processing level, Ensemble Empirical 84 

Mode DecomposiƟon (EEMD) is applied to denoise raw monitoring sequences and separate 85 

intrinsic components, thereby reducing nonstaƟonary interference. At the model level, a 86 

temporal stream built upon TCN and BiLSTM captures short-term displacement dynamics and 87 

rainfall-induced ŇuctuaƟons[12], while a physical stream based on XGBoost learns the 88 

inŇuence of physical indicators—acceleraƟon, velocity, and the improved tangenƟal angle—89 



 

 

on medium- to long-term deformaƟon trends[13–15] . At the fusion level, a co-aƩenƟon 90 

mechanism establishes dynamic interacƟons between the two streams, enabling joint 91 

opƟmizaƟon of short-term anomalies and long-term gradual evoluƟon within a uniĮed 92 

representaƟon space[16]. Based on predicted displacement, a mulƟ-Ɵmescale engineering 93 

risk–indicator system is developed. The short-term acceleraƟon-sensiƟvity index ( 𝑰94 ( ࢉࢉࢇ 

supports 24-hour advanced warning during the rainy season; the medium-term trend-risk 95 

index (𝑰࢚࢘ࢊ࢔ࢋ) guides 30-day engineering scheduling; and the long-term seasonal deformaƟon 96 

index (𝑰࢙࢔࢕࢙ࢇࢋ) assists in quarterly risk zoning and resource allocaƟon. Together with model 97 

outputs, these indicators are integrated into a digital-twin plaƞorm to achieve closed-loop 98 

management of short-term emergency response, monthly engineering scheduling, and 99 

quarterly miƟgaƟon planning[17]. ValidaƟon using a rainfall-induced landslide in Yunxi County, 100 

Shiyan, Hubei Province demonstrates that the system accurately idenƟĮes short-term 101 

acceleraƟon phases, opƟmizes medium-term resource deployment, and informs seasonal 102 

miƟgaƟon decisions, thereby signiĮcantly improving personnel and equipment safety as well 103 

as engineering intervenƟon eīecƟveness. 104 

The main contribuƟons of this work are as follows:① We develop a dual-stream cooperaƟve 105 

predicƟon model tailored for full-cycle landslide management, enabling displacement 106 

forecasƟng across short-term, monthly, and quarterly Ɵmescales.② We embed physical 107 

informaƟon and a co-aƩenƟon mechanism within the predicƟve pipeline, alleviaƟng the 108 

extrapolaƟon vulnerability of purely Ɵme-series–driven models under complex geological 109 

condiƟons.③ We design a mulƟ-Ɵmescale engineering risk–indicator system based on 110 

predicted displacement and integrate it with a digital-twin scheduling plaƞorm, achieving 24-111 



 

 

hour early warning during rainy seasons, opƟmized 30-day engineering planning, and 112 

quarterly resource allocaƟon. This provides a scalable pathway for intelligent landslide early 113 

warning and mulƟ-horizon engineering decision-making. 114 

 115 

Fig.1 Full-cycle landslide prediction and intelligent risk decision-making framework driven 116 

by dual-flow deep learning model 117 

2. Literature Review 118 

With advances in monitoring technologies, data-processing capabiliƟes, and intelligent 119 

computaƟon, tradiƟonal landslide disaster-miƟgaƟon pracƟces are increasingly inadequate. In 120 



 

 

engineering applicaƟons, unstable idenƟĮcaƟon of short-term acceleraƟon phases, long-term 121 

trend driŌ leading to false or missed alarms, and the lack of systemaƟc linkage between 122 

warning thresholds and engineering response workŇows collecƟvely hinder reliable risk 123 

reducƟon. Among exisƟng approaches, displacement predicƟon based on sensor monitoring 124 

remains the most direct and widely used method for early hazard idenƟĮcaƟon and risk 125 

control. Research in this Įeld has undergone mulƟple stages of evoluƟon—from empirical 126 

staƟsƟcal models and numerical analysis to machine-learning–based intelligent predicƟon[18]. 127 

Early studies predominantly relied on staƟsƟcal regression and classical Ɵme-series analysis. 128 

Saito (1969) [19] proposed a three-stage creep model for forecasƟng slope failure Ɵme, while 129 

Fukuzono (1985) [20] introduced the inverse-velocity method to esƟmate failure Ɵme during 130 

the acceleraƟng deformaƟon phase. Together, these seminal works laid the foundaƟon for 131 

subsequent landslide-displacement predicƟon research. Hoek and Bray’s (1977) limit-132 

equilibrium analysis[21] and Cruden’s (1996) displacement-based classiĮcaƟon system[22] 133 

further revealed the physical mechanisms underlying landslide deformaƟon. Although these 134 

studies oīered strong interpretability, their predicƟve accuracy was inherently limited. Since 135 

the early 21st century, staƟsƟcal and Ɵme-series models have been increasingly incorporated 136 

into landslide predicƟon. Xie et al. (2005) [23] applied a modiĮed grey model GM(1,1) to 137 

capture displacement trends. Dong et al. (2007)[24] developed a BoosƟng-based support 138 

vector regression framework to improve predicƟon performance. Yin et al. (2009)[25] 139 

employed ARIMA to analyze coseismic landslides induced by the Wenchuan earthquake, 140 

demonstraƟng its applicability to nonstaƟonary sequences. While these methods are capable 141 

of modeling certain nonlinear relaƟonships, they fall short in represenƟng long-term 142 



 

 

deformaƟon evoluƟon and the interacƟons among mulƟple driving factors. With further 143 

improvements in monitoring resoluƟon and computaƟonal power, machine-learning methods 144 

have gained prominence in landslide predicƟon. Pradhan (2012) [26] used decision trees and 145 

neuro-fuzzy models for hazard suscepƟbility assessment. Pham et al. (2015)[27] applied least-146 

squares support vector machines (LSSVM) and mulƟclass alternaƟng decision trees (MADT), 147 

achieving beƩer accuracy than tradiƟonal linear models. Deep learning has further accelerated 148 

methodological advances. Liu et al. (2020)[28] modeled “step-like” displacement paƩerns in 149 

the Three Gorges Reservoir area using LSTM and GRU, demonstraƟng deep networks’ 150 

strengths in capturing periodic deformaƟon. Jiang et al. (2020)[29]combined LSTM and SVR 151 

via opƟmal weighƟng to enhance predicƟon precision. Azarafza et al. (2021)[30] constructed 152 

a CNN–DNN architecture for landslide suscepƟbility mapping, outperforming several 153 

benchmark models. Nava et al. (2023) [31] systemaƟcally compared deep-learning 154 

architectures and found convoluƟon–recurrent hybrids to be most eīecƟve for seasonal 155 

landslides, whereas MLP and LSTM models perform suĸciently well for slow-moving creep 156 

landslides. Despite these advances, most exisƟng models rely heavily on displacement as a 157 

single input variable, making them suscepƟble to limited generalizaƟon under complex and 158 

mulƟ-source environmental disturbances. As highlighted by Gong et al. (2024) [1] , purely 159 

data-driven models oīer strong short-term Įƫng capability but remain insuĸcient in 160 

capturing environmental triggers and underlying physical mechanisms, thereby restricƟng 161 

both interpretability and stability. To enhance predicƟon stability and interpretability, research 162 

has gradually shiŌed from single-variable displacement modeling toward integrated 163 

frameworks combining mulƟ-scale decomposiƟon and physical informaƟon. The Empirical 164 



 

 

Mode DecomposiƟon (EMD) proposed by Huang et al. (1998) [32]established the foundaƟon 165 

for mulƟ-component analysis of landslide signals. Wu and Huang’s (2009)[33]Ensemble EMD 166 

(EEMD) further alleviated mode mixing, enabling more reliable component separaƟon. 167 

Building on these advances, hybrid models such as VMD–LSTM have been shown to achieve 168 

superior performance on noisy signals (Taorui, 2022) [34] . More recently, Wang et al. (2024) 169 

[35] coupled VMD with rainfall data and an opƟmized LSTM to realize high-precision real-Ɵme 170 

displacement predicƟon, while Zhou (2025)[36] developed an interpretable trend–seasonal–171 

noise decomposiƟon framework using VMD combined with ARIMA, BiGRU, and aƩenƟon 172 

mechanisms However, predicƟon frameworks relying solely on displacement signals remain 173 

vulnerable to instability in complex environmental seƫngs. To strengthen physical consistency, 174 

Physics-Informed Neural Networks (PINNs) and related extensions have aƩracted increasing 175 

aƩenƟon (Karniadakis et al., 2021[37] ; Raissi et al., 2019[38]）. In landslide studies, Ma et al. 176 

(2023)[39] embedded domain knowledge into deep models to enhance engineering 177 

interpretability, whereas Chen et al. (2024)[40] proposed ω-GNN/ω-EGNN architectures that 178 

incorporate physical variables and climaƟc constraints, achieving more robust predicƟve 179 

performance. Meanwhile, advances in monitoring technologies have made mulƟ-source data 180 

fusion a dominant research direcƟon. Carlà et al. (2018)[41] were the Įrst to jointly employ 181 

mulƟ-temporal InSAR and ground-based radar for hazard assessment. Jin et al. (2022)[42] and 182 

Hu et al. (2025)[43] further demonstrated that integraƟng topographic, geological, 183 

hydrological, and InSAR-derived features signiĮcantly improves landslide detecƟon and spaƟal 184 

predicƟon accuracy. Although notable progress has been made in signal decomposiƟon, 185 

staƟsƟcal learning, and deep modeling, substanƟal gaps remain in achieving mulƟ-Ɵmescale 186 



 

 

consistency, embedding physical constraints, and ensuring cross-scenario transferability. 187 

Against this backdrop, this study introduces a co-aƩenƟon dual-stream framework that 188 

integrates temporal features with physical priors to achieve full-cycle displacement 189 

predicƟon—from short-term responses to medium- and long-term evoluƟon—oīering a 190 

scalable pathway for intelligent landslide early warning and engineering risk management. 191 

In current engineering pracƟce, displacement-driven criteria remain the predominant basis for 192 

landslide early warning. The Code for InvesƟgaƟon of Landslide PrevenƟon Engineering (GB 193 

32864-2016) [44] and the SpeciĮcaƟons for Monitoring of Collapse, Landslide and Debris Flow 194 

(DZ/T 0221-2006) [45] explicitly sƟpulate that displacement magnitude and velocity should 195 

serve as key indicators for evaluaƟng slope stability and assigning warning levels. The Technical 196 

SpeciĮcaƟon for Geological Disaster Monitoring and Early Warning in Sichuan Province 197 

(DB51T3302-2025)[46] provides a guideline for threshold seƫng in soil landslide warning, 198 

emphasizing the use of displacement–Ɵme curves, tangenƟal-angle variaƟon, and 199 

deformaƟon-stage idenƟĮcaƟon to classify creeping, steady, acceleraƟng, and pre-failure 200 

phases. Regarding speciĮc criteria, Cruden and Varnes (1996) [22] proposed a velocity-based 201 

landslide classiĮcaƟon system that divides displacement into seven categories and 202 

demonstrates a posiƟve correlaƟon between hazard severity and velocity level. Xu Qiang et al. 203 

(2009)[47] introduced an improved tangenƟal-angle method for quanƟtaƟvely idenƟfying 204 

creeping, steady, acceleraƟng, and imminent-failure stages, which has become one of the most 205 

widely applied approaches for pre-failure recogniƟon. Wang Liwei et al. (2014)[48] proposed 206 

the displacement rate–raƟo method, which characterizes the relaƟve acƟvity of a monitoring 207 

point using the raƟo between current and baseline rates. Building on this, Ben Yanqi et al. 208 



 

 

(2023)[49] developed a mulƟ-criteria warning framework integraƟng rate raƟo, eīecƟve 209 

rainfall, and improved tangenƟal angle. Huang Xiaohu et al. (2018)[50] established 210 

progressively graded warning intervals based on daily rainfall and daily displacement rate using 211 

speciĮc engineering case studies. Georgieva et al. (2012)[51] summarized the relaƟonship 212 

between inverse velocity and Ɵme-to-failure, forming the classical framework for acceleraƟon-213 

phase idenƟĮcaƟon and failure-Ɵme extrapolaƟon. More recently, the Comprehensive 214 

Standard DeformaƟon Index (CSDI)[52] has been introduced, which normalizes displacement, 215 

velocity, and other indicators, applies probability-distribuƟon analysis, and derives a uniĮed 216 

index to quanƟfy medium- to long-term trend risk.Building on these standards, theories, and 217 

engineering pracƟces, this study develops a set of three Ɵme-scale-speciĮc indicators—short-218 

term acceleraƟon-sensiƟvity index, medium-term trend-risk index, and long-term integrated 219 

deformaƟon index—based on the model-predicted mulƟ-Ɵmescale displacement series, 220 

enabling systemaƟc mapping from physically meaningful deformaƟon metrics to engineering 221 

warning levels. 222 

With advances in displacement predicƟon and risk classiĮcaƟon, landslide early warning is 223 

increasingly evolving toward systemaƟzed and intelligent decision-making. Piciullo et al. (2025) 224 

[53] proposed a digital twin–driven slope stability forecasƟng framework that integrates real-225 

Ɵme monitoring data, meteorological informaƟon, and numerical models to construct an 226 

automated IoT-based local landslide early-warning system. Xu and Zhang (2025)[54] 227 

developed an AI-enhanced digital-twin framework that fuses LiDAR and other mulƟ-source 228 

data to generate high-resoluƟon 3D slope models and employ machine learning for real-Ɵme 229 

landslide risk predicƟon. Li Xiaomeng et al. (2024)[55] applied digital-twin technology to 230 



 

 

submarine geohazards, developing a real-Ɵme monitoring–based digital twin for subsea 231 

engineering geological systems to support dynamic simulaƟon and early warning. Tong Bin et 232 

al. (2025) [56] explored the applicaƟon of large AI models in geohazard assessment and slope-233 

engineering decision support, highlighƟng their potenƟal as intelligent assistants. Building 234 

upon these developments, this study proposes a digital twin–enabled mulƟ-Ɵmescale 235 

engineering decision-making framework for landslides. By integraƟng displacement predicƟon, 236 

risk classiĮcaƟon, and real-Ɵme monitoring data, the system realizes a fully closed loop 237 

encompassing short-term acceleraƟon response, medium-term trend assessment, and long-238 

term deformaƟon evaluaƟon. IncorporaƟng digital-twin and numerical-simulaƟon 239 

technologies into convenƟonal physical-indicator–based approaches, the framework provides 240 

high-precision, interpretable, and cross-scenario scalable full-cycle decision support for 241 

landslide prevenƟon and miƟgaƟon. 242 

3. Time series + physical dual-flow deep learning landslide displacement prediction model 243 

3.1 Model architecture 244 

This study proposes a mulƟ-Ɵmescale landslide displacement forecasƟng method based on a 245 

temporal–physical dual-stream architecture. The approach takes monitored displacement 246 

Ɵme series as the primary data source and employs Ensemble Empirical Mode DecomposiƟon 247 

(EEMD) for signal denoising and component decomposiƟon. A dual-stream predicƟve 248 

framework is then constructed, consisƟng of a temporal stream and a physical stream. The 249 

two streams are dynamically linked through a co-aƩenƟon mechanism, enabling coordinated 250 

forecasƟng of short-term and medium- to long-term displacement across mulƟple Ɵmescales. 251 

The complete model comprises six funcƟonal modules: an input preprocessing module, an 252 



 

 

EEMD-based decomposiƟon and reconstrucƟon module, a temporal-stream modeling module, 253 

a physical-stream modeling module, a dual-stream fusion module, and a mulƟ-Ɵmescale 254 

predicƟon module. The overall workŇow of the proposed method is illustrated in Fig. 2. 255 

 256 

Fig. 2. Flow of Landslide Displacement Prediction Method Based on Temporal-Physical 257 

Dual-Stream Structure Model. 258 

3.1.1 Processing of Temporal and Physical Data 259 

The raw displacement Ɵme series (ݐ)ݔobtained from Įeld monitoring are Įrst subjected to 260 

outlier removal, missing-value imputaƟon, and smoothing. Following preprocessing, Ensemble 261 

Empirical Mode DecomposiƟon (EEMD) is applied to achieve mulƟ-scale signal decomposiƟon. 262 

EEMD extends the convenƟonal Empirical Mode DecomposiƟon (EMD) by introducing an 263 

ensemble of added white-noise perturbaƟons, thereby alleviaƟng mode mixing and improving 264 

decomposiƟon robustness. The detailed procedure is illustrated in Fig. 3. 265 



 

 

 266 

Fig. 3.  Flow of Ensemble Empirical Mode Decomposition (EEMD) Algorithm. 267 

For the original displacement sequence (ݐ)ݔ , mulƟple independent Gaussian white-noise 268 

sequences ߝ௞(ݐ) are added to construct an ensemble. Each noise-augmented sequence is 269 

then decomposed using EMD to obtain the intrinsic mode funcƟon (IMF) components 270 

IMF௜(௞)(ݐ)for the ݇-th realizaƟon. The Įnal, noise-robust IMF components are obtained by 271 

averaging across all ensemble realizaƟons: 272 
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Using the averaged IMF components, the denoised displacement signal is reconstructed as： 274 

(ݐ)ݔ̃                     = ∑ ௜ூ௜=1ܨܯܫ (ݐ) +  275 (2)                     (ݐ)ݎ

where (ݐ)ݎ denotes the residual term. The EEMD procedure eīecƟvely suppresses high-276 

frequency ŇuctuaƟons while preserving low-frequency trends, thereby providing a more 277 



 

 

stable and informaƟve input for subsequent deep-learning–based modeling. 278 

Three physical feature quanƟƟes derived from the displacement sequence are then computed, 279 

namely velocity (ݐ)ݒ, acceleraƟon ܽ(ݐ), and the improved tangenƟal angle (ݐ)ߙ. Velocity 280 

and acceleraƟon are obtained using Įrst-order and second-order Įnite diīerences, 281 

respecƟvely: 282 

 
( )

( )
ds t

v t
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=  (3) 283 
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dv t

a t
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=  (4) 284 

To more accurately characterize the transiƟon of the landslide mass from deceleraƟon to 285 

acceleraƟon, an improved tangenƟal angle ߙ௜ is introduced. The displacement–Ɵme curve 286 

 during the quasi-steady stage to construct a 287ݒ is normalized using the displacement rate(ݐ)ܵ

normalized cumulaƟve displacement curve ܶ(݅) =  The improved tangenƟal angle at 288 .ݒ/(݅)ܵ

monitoring Ɵme ݐ௜ is deĮned as the slope angle of the tangent to this curve:   289 
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These three physical quanƟƟes collecƟvely form the input feature matrix of the physical 291 

stream, capturing the dynamical characterisƟcs of landslide deformaƟon across diīerent 292 

evoluƟonary stages. 293 

3.1.2 Construction of the Dual-Stream Architecture 294 

The proposed dual-stream architecture consists of a temporal stream and a physical stream. 295 

The temporal stream takes the EEMD-denoised displacement sequence as input and employs 296 

a cascaded structure combining a TCN and a BiLSTM to extract temporal dependency features. 297 



 

 

The overall structure of the temporal stream is illustrated in Fig. 4. 298 

 299 

Fig. 4.  Structure of Temporal Stream Model Based on TCN-BiLSTM. 300 

(1) Temporal Stream 301 

The TCN module adopts one-dimensional causal dilated convoluƟons, where the dilaƟon 302 

factor increases layer by layer to enlarge the recepƟve Įeld and capture local ŇuctuaƟon 303 

paƩerns of landslide displacement. The computaƟon is expressed as： 304 

 ( )( ) ( 1) ( ) ( ) ( 1)( )
l

l l l l l

dH BN H W b H − −=  + +  (6) 305 

where ∗ௗ೗denotes a causal convoluƟon with dilaƟon rate ݀௟, BN is batch normalizaƟon, and 306 

 is a nonlinear acƟvaƟon funcƟon. This structure preserves temporal causality while 307 (⋅)ߪ

enabling stable informaƟon propagaƟon through deep residual connecƟons. The output of the 308 

TCN is then passed to a BiLSTM module for global temporal dependency modeling. The 309 

forward and backward hidden states are computed as： 310 

௧ܐ⃗  = LSTM௙(۶௧ ,  ௧−1) (7) 311ܐ⃗

௧ܐ⃖  = LSTM௕(۶௧ ,  ௧+1) (8) 312ܐ⃖



 

 

And concatenated to form the hidden vector ܐ௧ = ;௧ܐ⃗]  ௧]。An attention-weighted pooling 313ܐ⃖

mechanism is applied to obtain the global temporal representation: 314 
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The temporal-stream output ݏthus integrates short-term ŇuctuaƟon paƩerns with long-range 317 

dependencies. 318 

(2) Physical Stream 319 

The physical stream takes three physical indicators—velocity (ݐ)ݒ , acceleraƟon ܽ(ݐ) , and 320 

improved tangenƟal angle (ݐ)ߙ—as input and employs an XGBoost model to learn nonlinear 321 

mappings and embed physical constraints. XGBoost constructs an addiƟve ensemble of 322 

regression trees: 323 

ݕ̂                     = ∑ ௠݂ெ௠=1  ,(ܢ) ௠݂ ∈ ℱ                     (11) 324 

where ݖ = ,(ݐ)ݒ] ,(ݐ)ܽ  is the input vector, ௠݂(⋅)denotes the ݉-th regression tree, and 325[(ݐ)ߙ

ℱis the space of CART trees. The model is opƟmized by minimizing:  326 

ℒxgb = ∑ ℓ௜ ௜ݕ) , (௜ݕ̂ + ∑ Ω௠ ( ௠݂)                         (12) 327 

where ݈(⋅)is the squared-error loss and Ω(⋅)is a regularizaƟon term prevenƟng overĮƫng. At 328 

each iteraƟon, XGBoost uses a second-order Taylor expansion of the loss and Įts residuals to 329 

update model parameters. The resulƟng output is a physical-constraint vector ݌ ∈ ℝ௤, where 330 

each dimension corresponds to a nonlinear representaƟon of landslide dynamical 331 

characterisƟcs. 332 

In this physical stream, velocity (ݐ)ݒ describes instantaneous displacement trends, 333 



 

 

acceleraƟon ܽ(ݐ)reŇects dynamic responses during acceleraƟon phases, and the improved 334 

tangenƟal angle (ݐ)ߙcharacterizes local deviaƟons in displacement growth rate and potenƟal 335 

instability. Together, these features form an interpretable and physically meaningful 336 

representaƟon of landslide evoluƟon. The physical-stream output ݌ interacts with the 337 

temporal-stream output ݏin the subsequent fusion stage. 338 

(3) Dual-Stream Fusion via Co-AƩenƟon 339 

To enable bidirecƟonal informaƟon exchange between the temporal and physical streams, a 340 

co-aƩenƟon mechanism is introduced. This mechanism computes similarity matrices between 341 

temporal features and physical features, generaƟng two sets of aƩenƟon weights. Let ܵ ∈342 

ℝ்×ௗೞdenote the temporal-stream output matrix and ܲ ∈ ℝ்×ௗ೛the physical-stream output 343 

matrix. The co-aƩenƟon computaƟons are given by: 344 
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where ொܹ , ௄ܹ , ௏ܹ , ܷொ , ܷ௄ , ܷ௏ are learnable projecƟon matrices. ܣ௦௣ denotes the aƩenƟon 347 

distribuƟon from temporal features to physical features, while ܣ௣௦ represents the reverse. 348 

Through this design, the model adapƟvely strengthens the sensiƟvity of displacement 349 

predicƟons to physical changes, parƟcularly during acceleraƟon phases, and maintains 350 

dominant factor awareness across diīerent deformaƟon stages (stable–transiƟon–351 

accelerated). 352 

The fused representaƟon is obtained by pooling and concatenaƟng the aƩended features: 353 



 

 

 ( )[ , ,Pool( ),Pool( )]sp psg s p C C=  (15) 354 

where ߶(⋅) is a nonlinear transformaƟon composed of fully connected layers, acƟvaƟon 355 

funcƟons, and normalizaƟon operaƟons. The fusion vector ݃ jointly preserves temporal 356 

dependencies and physical constraints and serves as the uniĮed input for mulƟ-Ɵmescale 357 

predicƟon. 358 

(4) MulƟ-Timescale PredicƟon Head 359 

The mulƟ-Ɵmescale predicƟon module consists of several parallel regression heads, 360 

corresponding to forecasƟng horizons of 1, 3, 7, 30, and 90 days. Each head is formulated as a 361 

single fully connected linear regressor: 362 

(ℎ)ݕ̂                     = ܏⊤ℎܟ + ܾℎ ,  ℎ ∈ {1,3,7,30,90}                (16) 363 

Model training is performed using a joint loss funcƟon integraƟng all Ɵmescales: 364 

 ℒ = ∑ ℎℎߙ ⋅ 1ே ∑ (ே௜=1 ௜(ℎ)ݕ̂ − ௜(ℎ))2ݕ +  Θ|22 (17) 365|ߣ

where ࢎࢻis the loss weight for each horizon, ࣅis the regularizaƟon coeĸcient, and દdenotes 366 

all learnable parameters. OpƟmizaƟon is carried out using the Adam algorithm with adapƟve 367 

learning rate scheduling and early stopping. AŌer training, the model simultaneously outputs 368 

displacement forecasts across all Ɵmescales in a single forward pass. 369 

3.2 Case studies and model evaluation 370 

3.2.1 Scenario Background and Prediction Requirements 371 

To evaluate the applicability of the proposed temporal–physical dual-stream model to complex 372 

rainfall-induced landslides, the Zaoshuwa landslide in Yunxi County, Shiyan City, Hubei 373 

Province, is selected as a representaƟve case. This medium-scale colluvial landslide features 374 

loose material structure and high permeability, exhibiƟng a cyclic deformaƟon paƩern 375 



 

 

characterized by slow creeping, accelerated movement, and short-term stabilizaƟon. The G1 376 

point, located at the leading edge of the main slip zone, displays the most acƟve displacement 377 

and pronounced rainfall sensiƟvity, making it the criƟcal early-warning indicator. Five GNSS 378 

displacement monitoring staƟons (G1–G5) were installed along the main cross-secƟon, with a 379 

sampling interval of 1 hour over a monitoring period of approximately 20 months. The 380 

observed data exhibit clear nonstaƟonary characterisƟcs, including long-term creeping trends, 381 

seasonal ŇuctuaƟons, and high-frequency disturbances (Fig. 4). Engineering concerns center 382 

on both short-term acceleraƟon response and medium- to long-term risk assessment. In this 383 

study, points G2–G5 are used as the training set, while G1 is used as the validaƟon set to mimic 384 

the engineering scenario in which the relaƟvely stable region informs the overall deformaƟon 385 

mechanism, while predicƟons target the sensiƟve frontal zone. This setup enables a systemaƟc 386 

evaluaƟon of the model’s stability and reliability in cross-spaƟal predicƟon and mulƟ-Ɵmescale 387 

forecasƟng. 388 

 389 

Fig. 5.  Overview Map of Zaoshuwa Landslide. 390 



 

 

3.2.2 Data Processing and Construction of Physical Features 391 

To characterize the nonstaƟonary behavior of landslide displacement and its Ɵme-varying 392 

sensiƟvity to rainfall, daily displacement series from monitoring points G1–G5 were 393 

preprocessed and feature-engineered. First, Ensemble Empirical Mode DecomposiƟon (EEMD) 394 

was applied to decompose each sequence into intrinsic mode funcƟons (IMFs). Low-frequency 395 

IMFs and the residual component were retained and reconstructed to suppress high-396 

frequency disturbances and background noise, thereby separaƟng short-term ŇuctuaƟons 397 

from long-term deformaƟon trends (illustrated using G1 in Fig. 6). Based on the reconstructed 398 

displacement, physical descriptors—including displacement velocity ݒ௧, acceleraƟon ܽ௧, and 399 

the improved tangenƟal angle ߙ௧ —were extracted to capture the staged evoluƟon from 400 

creeping to acceleraƟon and post-peak stabilizaƟon. The Įnal model input consists of both 401 

reconstructed temporal features and structured physical variables, providing a comprehensive 402 

data foundaƟon for the dual-stream cooperaƟve framework. 403 

 404 

Fig. 6.  Results of Ensemble Empirical Mode Decomposition for G1 Monitoring Point. 405 

3.2.3 Training of the Dual-Stream Model 406 



 

 

To evaluate the predicƟve capability of the dual-stream architecture, the EEMD-reconstructed 407 

displacement series from G2–G5 were used as the training dataset. The physical branch 408 

incorporated velocity, acceleraƟon, and improved tangenƟal angle as structured inputs to form 409 

a complete feature system. A sliding-window method was used to generate 3-day input–410 

output training pairs. Model training employed the Adam opƟmizer with an iniƟal learning 411 

rate of 1 × 10−3, and an early-stopping strategy was implemented to prevent overĮƫng.The 412 

3-day forecasƟng results (Fig. 7) demonstrate that the dual-stream architecture performs 413 

robustly across both gradual and acceleraƟng deformaƟon phases. The model successfully 414 

anƟcipates rainfall-triggered acceleraƟon inŇecƟon points, signiĮcantly reducing short-term 415 

predicƟon errors (RMSE = 4.1081, MAE = 2.9971, MAPE = 1.9578%, ܴ2 = 0.99733). These 416 

results indicate that the model maintains excellent Įƫng performance even under high-417 

frequency disturbance condiƟons. 418 

 419 

Fig. 7.  Prediction Results of Dual-Stream Structure Model. 420 

To evaluate the inŇuence of rainfall as an external driving factor, two comparaƟve models were 421 

constructed: one incorporaƟng rainfall input and one excluding it. The results (Fig. 8) show 422 



 

 

that, without rainfall informaƟon, the model substanƟally underesƟmates both major 423 

acceleraƟon phases and exhibits a delayed response (R² = 0.9621, RMSE = 15.4863). In contrast, 424 

when rainfall series are included, the model successfully captures rainfall-triggered 425 

acceleraƟon processes and signiĮcantly improves short-term predicƟon accuracy. This 426 

comparison indicates that rainfall, as a key external driver, directly governs the model’s 427 

sensiƟvity to acceleraƟon events. 428 

 429 

Fig. 8.  Comparison of Dual-Stream Structure Model Prediction Results with and without 430 

Rainfall. 431 

In addiƟon, a single-stream model relying solely on temporal features—without physical 432 

variables—was developed as a control. As shown in Fig. 9, the absence of physical descriptors 433 

weakens the model’s ability to recognize staged deformaƟon behavior. In parƟcular, both 434 

major acceleraƟon phases are notably underesƟmated and delayed. PredicƟon errors on the 435 

test set increase signiĮcantly: RMSE reaches 13.8, MAE is 12.8088, MAPE rises to 6.8493%, 436 

and the coeĸcient of determinaƟon drops to 0.96989. These results demonstrate that, 437 

without physical constraints, the model struggles to accurately reconstruct the true 438 



 

 

deformaƟon proĮle during acceleraƟon phases. 439 

 440 

Fig. 9.  Comparison of Prediction Results with and without Physical Features. 441 

Overall, the predicƟon results demonstrate that the dual-stream architecture performs 442 

eīecƟvely in integraƟng mulƟ-scale temporal features with dynamical physical informaƟon. 443 

The model provides consistent responses during rainfall-triggered acceleraƟon phases while 444 



 

 

maintaining stable trend characterizaƟon during gradual deformaƟon intervals, resulƟng in 445 

predicted displacement trajectories that align more closely with actual observaƟons 446 

throughout the enƟre evoluƟon process. These results indicate that jointly modeling temporal 447 

informaƟon and physical features contributes signiĮcantly to improving the overall reliability 448 

of landslide predicƟon. 449 

3.2.4 Multi-Timescale Prediction and Comparative Analysis 450 

To systemaƟcally evaluate the stability and adaptability of the proposed dual-stream model 451 

across various forecasƟng horizons, four predicƟon tasks were constructed: 1-day, 7-day, 30-452 

day, and 90-day forecasts. ComparaƟve experiments were performed against Įve benchmark 453 

architectures: EEMD + TCN + BiLSTM, EEMD + TCN + BiLSTM (without physical features), EEMD 454 

+ TCN, EEMD + BiLSTM, and TCN + BiLSTM. All baseline models were independently trained 455 

using the same training–tesƟng split to ensure fair comparison. RepresentaƟve training-set 456 

results are shown in Fig. 10. 457 

 

(a) (b) 

 



 

 

(c) (d) 

Fig. 10.  Comparison of Training Set Results for Multi-Time-Scale Models: (a) 1-Day 458 

Forecast (b) 7-Day Forecast (c) 30-Day Forecast (d) 90-Day Forecast. 459 

The mulƟ-Ɵmescale predicƟon performance of the proposed dual-stream model is presented 460 

in Fig. 11 and Table 1. In short-term forecasƟng, the model responds sensiƟvely to 461 

displacement surges, achieving an RMSE of only 2.35 and an R² of 0.999. For medium- and 462 

long-term forecasƟng, the model maintains strong consistency with actual displacement 463 

trends, with R² values exceeding 0.996 across all horizons. These results collecƟvely 464 

demonstrate that the proposed model achieves stable performance and high predicƟve 465 

accuracy at mulƟple Ɵmescales, exhibiƟng strong generalizaƟon and enabling uniĮed 466 

forecasƟng from short-term early warning to medium- and long-term trend assessment. 467 

  

(a) (b) 

  

(c) (d) 

Fig. 11.  Multi-Time-Scale Prediction Results of Temporal-Physical Dual-Stream Structure 468 

Model: (a) 1-Day Forecast (b) 7-Day Forecast (c) 30-Day Forecast (d) 90-Day Forecast. 469 



 

 

Table 1. Evaluation Metrics for Multi-Time-Scale Prediction of Temporal-Physical Dual-470 

Stream Structure Model. 471 

Timescale/Error Indicator RMSE MAE MAPE R2 

1-Day 2.3524 1.8144 0.97599% 0.99913 

7-Day 4.8278 3.8275 2.4014% 0.99624 

30-Day 3.3116 2.174 1.0013% 0.99798 

90-Day 3.6916 2.8956 1.6058% 0.99685 

(1) 1-Day ForecasƟng Horizon 472 

In the 1-day predicƟon task, notable diīerences emerge among the Įve models in terms of 473 

Įƫng accuracy and responsiveness to staged deformaƟon. As shown in Fig. 12 and Table 2, 474 

the dual-stream EEMD + TCN + BiLSTM (with physical informaƟon) exhibits the highest 475 

consistency with the observed displacement, closely tracking the two major acceleraƟon 476 

surges and maintaining a stable, driŌ-free trajectory during the plateau periods. It achieves 477 

the lowest tesƟng error among all models.The single-stream variant without physical features 478 

captures the general trend but shows slight lag during acceleraƟon phases and mild 479 

underesƟmaƟon during the plateau stages (RMSE increases to 4.2043). EEMD + TCN and EEMD 480 

+ BiLSTM perform moderately well; the former ampliĮes local noise under high-frequency 481 

ŇuctuaƟons, while the laƩer exhibits noƟceable deviaƟon near acceleraƟon points, 482 

corresponding to RMSE values of 4.1248 and 6.7086, respecƟvely. The TCN + BiLSTM model 483 

performs the worst, signiĮcantly overesƟmaƟng displacement in both surge events, with the 484 

largest overall deviaƟon (RMSE = 14.3771, R² = 0.96763). 485 



 

 

 486 

Fig. 12.  Comparison of Different Models’ Prediction Results at the 1-Day Time-Scale. 487 

Table 2. Evaluation Metrics of Different Models’ Prediction at the 1-Day Time-Scale. 488 

Models RMSE MAE MAPE R2 

EEMD+TCN+BiLSTM 

(with Physical InformaƟon Embedding) 
2.3524 1.8144 0.97599% 0.99913 

EEMD+TCN+BiLSTM 

(without Physical InformaƟon Embedding) 
4.2043 3.394 1.735% 0.99723 

EEMD+TCN 4.1248 2.9461 1.612% 0.99734 

EEMD+BiLSTM 6.7086 5.6055 2.3322% 0.99295 

TCN＋BiLSTM 14.3771 12.1336 7.8465% 0.96763 

(2) 7-Day ForecasƟng Horizon 489 

In the 7-day forecast, discrepancies among the models become more pronounced (Fig. 13, 490 

Table 3), especially in their ability to extrapolate deformaƟon trends during major acceleraƟon 491 

phases. The dual-stream model maintains close alignment with the observed trajectory across 492 

both surge and plateau intervals, with minimal ŇuctuaƟon. In contrast, the single-stream 493 



 

 

model (without physical features) demonstrates pronounced underesƟmaƟon and lag during 494 

acceleraƟon stages, with RMSE rising to 8.5756—more than double that of the dual-stream 495 

model—highlighƟng the importance of physical variables in constraining deformaƟon trends. 496 

EEMD + TCN exhibits relaƟvely strong performance (RMSE = 4.9979), capturing the overall 497 

paƩern well, though local deviaƟons are observed in the plateau period. 498 

 499 

Fig. 13.  Comparison of Different Models’ Prediction Results at the 7-Day Time-Scale. 500 

Table 3. Evaluation Metrics of Different Models’ Prediction at the 7-Day Time-Scale. 501 

Models RMSE MAE MAPE R2 

EEMD+TCN+BiLSTM 

(with Physical InformaƟon Embedding) 
4.8278 3.8275 2.4014% 0.99624 

EEMD+TCN+BiLSTM 

(without Physical InformaƟon Embedding) 
8.5756 7.6817 3.7659% 0.98814 

EEMD+TCN 4.9979 3.6763 2.1162% 0.99597 

EEMD+BiLSTM 8.0182 6.4965 3.1416% 0.98963 

TCN＋BiLSTM 5.5234 4.0211 2.1478% 0.99508 



 

 

(3) 30-Day ForecasƟng Horizon 502 

In the 30-day forecasts, the models’ trend-extrapolaƟon capabiliƟes are further tested (Fig. 14, 503 

Table 4). The dual-stream model conƟnues to maintain a close match to the observed trend, 504 

accurately capturing the morphology of both major acceleraƟon phases and maintaining 505 

stability during the plateau interval, achieving the highest precision. Removing physical 506 

features causes a substanƟal increase in error for the single-stream model (RMSE = 5.0497), 507 

with marked underesƟmaƟon during plateau segments and lag during acceleraƟon. EEMD + 508 

TCN remains stable at the 30-day horizon (RMSE = 4.7715), demonstraƟng that mulƟ-scale 509 

decomposiƟon paired with convoluƟonal structures preserves strong robustness for long-510 

horizon sequences. EEMD + BiLSTM and TCN + BiLSTM gradually deviate from the true 511 

displacement trajectory, parƟcularly overesƟmaƟng the second major surge, with RMSE values 512 

of 8.9392 and 8.1036, respecƟvely. These results illustrate that as the predicƟon horizon 513 

extends to the monthly scale, cumulaƟve error eīects intensify, amplifying performance 514 

diīerences among models. The dual-stream structure, supported by the joint constraints of 515 

temporal and physical informaƟon, exhibits superior stability and noise resistance in long-516 

horizon trend predicƟon. 517 



 

 

 518 

Fig. 14. Comparison of Different Models’ Prediction Results at the 30-Day Time-Scale. 519 

Table 4. Evaluation Metrics of Different Models’ Prediction at the 30-Day Time-Scale. 520 

Models RMSE MAE MAPE R2 

EEMD+TCN+BiLSTM 

(with Physical InformaƟon Embedding) 
3.3116 2.174 1.0013% 0.99798 

EEMD+TCN+BiLSTM 

(without Physical InformaƟon Embedding) 
5.0497 3.4804 1.9909% 0.9953 

EEMD+TCN 4.7715 3.3382 1.7797% 0.99581 

EEMD+BiLSTM 8.9392 7.5316 4.0768% 0.98528 

TCN＋BiLSTM 8.1036 6.7188 3.1792% 0.98791 

(4) 90-Day ForecasƟng Horizon 521 

In the 90-day forecasts, cumulaƟve errors and trend driŌ become even more apparent (Fig. 522 

15). The dual-stream model sƟll preserves overall agreement with the true displacement, 523 

accurately characterizing the plateau period following the second acceleraƟon event, and 524 

maintains the highest accuracy.The single-stream model shows pronounced long-term 525 



 

 

deviaƟons, with both underesƟmaƟon and overesƟmaƟon in the plateau intervals, indicaƟng 526 

that the absence of physical constraints leads to driŌ in long-horizon trend predicƟon. EEMD 527 

+ TCN performs relaƟvely steadily but slightly overesƟmates the tail of the surge phase. Errors 528 

in EEMD + BiLSTM and TCN + BiLSTM further increase (RMSE = 8.6904 and 6.348, respecƟvely), 529 

and their long-term trajectories driŌ signiĮcantly. 530 

 531 

Fig. 15.  Comparison of Different Models’ Prediction Results at the 90-Day Time-Scale. 532 

Table 5. Evaluation Metrics of Different Models’ Prediction at the 90-Day Time-Scale. 533 

Models RMSE MAE MAPE R2 

EEMD+TCN+BiLSTM 

(with Physical InformaƟon Embedding) 
3.6916 2.8956 1.6058% 0.99685 

EEMD+TCN+BiLSTM 

(without Physical InformaƟon Embedding) 
6.0533 4.7124 2.7156% 0.99154 

EEMD+TCN 5.1593 3.9434 2.0943% 0.99385 

EEMD+BiLSTM 8.6904 7.1037 3.5017% 0.98256 

TCN＋BiLSTM 6.348 4.995 2.1535% 0.99069 



 

 

Across all four forecasƟng scales, the dual-stream EEMD + TCN + BiLSTM consistently achieves 534 

the best error control and trend alignment, with the lowest RMSE and the smallest error 535 

growth rate as predicƟon length increases. Physical features enhance short-term sensiƟvity to 536 

acceleraƟon events and constrain medium- and long-term evoluƟon trends, enabling the dual-537 

stream architecture to remain robust and reliable across mulƟ-horizon extrapolaƟon. In 538 

contrast, the remaining models exhibit increasing driŌ or oscillaƟon as the forecasƟng horizon 539 

extends, indicaƟng that the integraƟon of mulƟ-scale temporal features with physical 540 

dynamical informaƟon signiĮcantly improves cross-scale adaptability and robustness in 541 

landslide displacement predicƟon. 542 

4 Multi-Scale Engineering Risk Indicators Based on Predicted Displacement 543 

4.1 Short-Term Early Warning (Weekly Scale): Acceleration Sensitivity Index 𝑰acc 544 

Short-term early warning focuses on whether signiĮcant acceleraƟon or pre-failure trends will 545 

occur within the next 1–7 days, which is directly related to organizing personnel evacuaƟon 546 

and equipment relocaƟon 24–48 hours in advance. Building upon the early-warning thresholds 547 

deĮned in the improved tangenƟal-angle method [47] and the displacement rate–raƟo 548 

method [48], this study develops a short-term AcceleraƟon SensiƟvity Index ܫacc. Using the 549 

predicted displacement series, the daily mean velocity ݒௗis computed, and the velocity raƟo 550 

ܴ௩ =  obtained 551 0ݒ is constructed with respect to the baseline steady-state velocity 0ݒ/ௗݒ

during the historical quasi-linear stage. On the cumulaƟve displacement–Ɵme curve, 552 

displacement increments and Ɵme intervals between adjacent observaƟons form incremental 553 

vectors. The angle between these vectors and the Ɵme axis yields the improved tangenƟal 554 

angle ߙ௜ , whose temporal evoluƟon characterizes the transiƟons among creeping, steady 555 



 

 

movement, and acceleraƟon phases. By jointly considering the interval combinaƟons of ܴ௩ 556 

and ߙ௜, the short-term early-warning states are categorized into four levels: 557 

Table 6. Classification of Short-term Early Warning Indicators. 558 

DeformaƟon Stage 

Displacement 

Rate RaƟo ࢜ࡾ 

Improved TangenƟal 

Angle ࢏ࢻ Warning Level Warning Color 

Constant-rate 

deformaƟon 

0ܴ௩2 ߙ௜45° Level I (AƩenƟon) Blue Warning 

IniƟal acceleraƟon 2<ܴ௩6   45°<ߙ௜<80° 
 

Level II (Alert) Yellow Warning 

Intermediate 

acceleraƟon 

6<ܴ௩8   80°ߙ௜<85° 
 

Level III (CauƟon) Orange Warning 

Imminent failure ܴ௩＞8 ߙ௜ 85° Level IV (Alarm) Red Warning 

Then put the leŌ brackets I. subscript acc right brackets into the same discriminant table to 559 

realize the mapping from the model output to the short-term warning level (Fig.16). 560 

 561 

Fig. 16.  Mapping of Risk Level Discrimination Indicators for Short-term Early Warning. 562 



 

 

4.2 Medium-Term Early Warning (Monthly Scale): Trend Risk Index 𝑰trend 563 

Monthly-scale forecasƟng primarily supports engineering scheduling, pre-Ňood-season 564 

miƟgaƟon planning, and staged allocaƟon of emergency funds. The key quesƟon is whether 565 

the landslide will exhibit a sustained deterioraƟon trend in the coming month and whether it 566 

should be included in near-term stabilizaƟon plans. To address this need, a medium-term 567 

Trend Risk Index ܫtrendis developed based on the 30-day predicted displacement sequence, 568 

simultaneously accounƟng for both absolute deformaƟon magnitude and relaƟve 569 

ampliĮcaƟon. First, the predicted displacement series ݀(ݐ)for the next 30 days is diīerenced 570 

and averaged to obtain the monthly mean displacement rate ̄30ݒ(mm/d) and net seƩlement, 571 

which together reŇect the overall deformaƟon intensity. Meanwhile, using mulƟ-year 572 

monitoring data, the mean background velocity ̄ݒbgduring characterisƟc steady-state periods 573 

is derived. The 30-day velocity raƟo ܴ30 =  bg is then computed to quanƟfy the 574ݒ̄/30ݒ̄

ampliĮcaƟon of the predicted state relaƟve to the long-term stable baseline. 575 

To align with engineering pracƟces, ̄30ݒ is annualized into an equivalent yearly rate (ݒyr ≈576 

30ݒ̄ × 365/30) and compared with the velocity classiĮcaƟon proposed by Cruden & Varnes 577 

[22], which idenƟĮes a criƟcal threshold of approximately 1.6 m/yr (≈ 4.4 mm/d). This 578 

threshold is widely recognized as the boundary between a maintainable condiƟon and an 579 

engineering-unacceptable state. Accordingly, this study adopts 4.5 mm/d as a key decision 580 

threshold for monthly risk classiĮcaƟon. In addiƟon, historical landslide data from Yunxi 581 

County, Shiyan—where clear acceleraƟon or engineering intervenƟons occurred—show daily 582 

displacement rates typically exceeding 6–10 mm/d. Based on this empirical upper range, 10 583 

mm/d is used as the indicaƟve threshold for entering the high-risk category. Supported by the 584 



 

 

above theoreƟcal basis and empirical observaƟons, the four-level classiĮcaƟon rules for 585 

 trendare explicitly deĮned as follows: 586ܫ

Table 7. Classification of Medium-term Early Warning Indicators. 587 

Mean Daily Rate 

࢜̄૜૙ 

30-day Rate RaƟo 

 ૜૙ࡾ

Warning Level 
Warning 

Color 

Engineering IntervenƟon 

30‾ݒ ≤ 1.0 mm/d 0.5 ≤ ܴ30 < 1.5° Level I (Maintenance) 
Blue 

Warning 

RouƟne monitoring and Įeld 

inspecƟon 

1.0 < ≥30‾ݒ 4.5 mm/d 

1.5 ≤ ܴ30 < 3.0 Level II (AƩenƟon) 
Yellow 

Warning 

Stability reassessment and 

preliminary reinforcement 

planning 

4.5 < ≥30‾ݒ 10 mm/d 

3.0 ≤ ܴ30 < 5.0 Level III (MiƟgaƟon) 
Orange 

Warning 

Scheduling of speciĮc drainage 

or reinforcement works 

30‾ݒ > 10 mm/d ܴ30 ≥ 5.0 Level IV (CriƟcal) 
Red 

Warning 

Inclusion in emergency 

miƟgaƟon projects 

The monthly-scale trend risk index not only preserves the physical meaning of internaƟonally 588 

accepted velocity classiĮcaƟons but also reŇects the engineering sensiƟvity of this landslide 589 

site. It provides quanƟtaƟve support for determining whether the landslide should be 590 

prioriƟzed for stabilizaƟon within the next month. 591 

4.3 Long-Term Forecasting (Quarterly Scale): Integrated Deformation Index 𝑰season 592 

Quarterly-scale forecasƟng primarily supports medium- to long-term engineering 593 

management tasks, including seasonal risk zoning, resource allocaƟon during the Ňood season, 594 

budgeƟng for regional miƟgaƟon projects, and idenƟĮcaƟon of cross-seasonal risk evoluƟon. 595 



 

 

These tasks require an integrated assessment over an extended temporal window, considering 596 

cumulaƟve deformaƟon, average displacement rate, and the frequency of acceleraƟon 597 

events—factors that collecƟvely indicate whether the landslide is approaching a structurally 598 

unstable state. Accordingly, this study constructs a long-term Integrated DeformaƟon Index 599 

 season , drawing inspiraƟon from the Comprehensive Standard DeformaƟon Index (CSDI) 600ܫ

approach [52], and classiĮes it into four engineering-pracƟcal risk levels. From the 90-day 601 

predicted displacement sequence, three key indicators are extracted: maximum cumulaƟve 602 

displacement ܵmax , average displacement rate ̄90ݒ , and the number of signiĮcant 603 

acceleraƟon days aܰcc . These indicators respecƟvely characterize the overall deformaƟon 604 

magnitude, reŇect long-term kinemaƟc evoluƟon, and capture seasonal abnormal behaviors. 605 

Each indicator is normalized using its historical extrema or mean values. Based on long-term 606 

monitoring data, empirical probability distribuƟons for each indicator are esƟmated, and the 607 

cumulaƟve probability for each predicted value is computed: 608 

ௌܲ = CDF(ܵmax), ௩ܲ = CDF(̄90ݒ), ேܲ = CDF( aܰcc). 610 

The integrated deformaƟon index is then constructed using a weighted combinaƟon: 609 

seasonܫ = ௌݓ ௌܲ + ௩ݓ ௩ܲ + ேݓ ேܲ , 611 

where the weights (ݓௌ , ௩ݓ ,  ே)are assigned based on the relaƟve importance of structural 612ݓ

deformaƟon, deformaƟon rate, and triggering factors as described in the Code for 613 

InvesƟgaƟon of Landslide PrevenƟon Engineering [44], along with expert judgment from the 614 

study area (values: ݓௌ = ௩ݓ ,0.4 = ேݓ ,0.35 = 0.25). Following CSDI-based methodologies 615 

and early-warning classiĮcaƟon pracƟces, the integrated index is divided into four intervals 616 

corresponding to extremely low, low, moderate, and high seasonal risk (Table 8, Fig. 17). This 617 



 

 

enables a direct mapping from the predicted displacement results to regional risk zoning and 618 

seasonal funding allocaƟon strategies. 619 

Table 8. Classification of Long-term Early Warning Indicators. 620 

Maximum 

CumulaƟve 

Displacement 

 (ܠ܉ܕࡿ)

Mean Rate 

( ‾࢜ ૢ૙) 

Days with 

SigniĮcant 

AcceleraƟon 

 (܋܋܉ࡺ)

Composite 

Index 

(𝑰ܖܗܛ܉܍ܛ) 

Warning 

Level 
Engineering IntervenƟon 

ܵmax ≤ 1ܵ0% 

(within the lowest 

10% of historical 

long-term 

deformaƟon) 

≥30‾ݒ 1.0 mm/d 

aܰcc ≤ 1 

0.5 ≤ ܴ30< 1.5 

Level I 

(Very Low 

Risk) 

RouƟne inspecƟon and monitoring 

1ܵ0% < ܵmax ≤ ܵ40% 

1.0 < ≥90‾ݒ 4.5 mm/d 

1 < aܰcc≤ 3 

1.5 ≤ ܴ30< 3.0 

Level II 

(Low Risk) 

Pre-Ňood safety checks and drainage 

maintenance 

ܵ40% < ܵmax≤ ܵ70% 

4.5 < ≥90‾ݒ 10 mm/d 

3 < aܰcc≤ 6 

3.0 ≤ ܴ30< 5.0 

Level III 

(Moderate 

Risk) 

Priority implementaƟon in quarterly 

miƟgaƟon plans (e.g., drainage-trench 

repair, parƟal unloading, localized 

support or consolidaƟon works) 

ܵmax > ܵ70% 

<90‾ݒ 10 mm/d 

aܰcc > 6 ܴ30 ≥ 5.0 

Level IV 

(High Risk) 

Key target for seasonal and pre-Ňood 

miƟgaƟon (annual reinforcement 

planning, budget allocaƟon, short-



 

 

term stabilizaƟon, and full-cycle early-

warning acƟons) 

 621 

Fig. 17.  Mapping of Risk Level Discrimination Indicators for Long-term Early Warning. 622 

5 Digital-Twin-Driven Multi-Scale Engineering Scheduling and Decision-Making System for 623 

Landslides 624 

Building upon the mulƟ-scale predicƟon model and risk-indicator system established in the 625 

previous secƟons, this chapter further proposes embedding the enƟre workŇow into a Digital 626 

Twin (DT) plaƞorm. Through a closed-loop mechanism, the DT system enables real-Ɵme 627 

monitoring, predicƟve analysis, risk classiĮcaƟon, early-warning issuance, and engineering 628 

scheduling for landslide management. The system integrates physical consistency, data 629 

conƟnuity, intelligent simulaƟon, and engineering operability, thereby meeƟng the combined 630 

requirements of short-term early-warning response, medium-term miƟgaƟon planning, and 631 

long-term seasonal risk governance. 632 

5.1 System Architecture of the Digital Twin for Landslide Risk Decision-Making 633 

Considering the nonlinear, staged, and strongly coupled spaƟotemporal characterisƟcs of 634 



 

 

landslide deformaƟon, the proposed Digital Twin system consists of four layers: the state-635 

percepƟon layer, predicƟon–simulaƟon layer, risk-interpretaƟon layer, and engineering-636 

scheduling layer, forming a full-cycle supervisory framework as shown in Fig. 18. 637 

 638 

Fig.18. Hierarchical structure diagram of digital twin in landslide risk decision-making 639 

(1) State-PercepƟon Layer: High-Fidelity SynchronizaƟon of the Physical EnƟty 640 

The system achieves minute-level synchronizaƟon of monitoring data using a uniĮed data 641 

structure of “SpaƟal EnƟty (Component-ID) — Timestamp — AƩributes” for spaƟotemporal 642 

alignment. The digital twin maintains dynamic consistency with the physical landslide body, 643 

providing conƟnuous and complete temporal inputs for downstream predicƟve models. 644 

(2) PredicƟon–SimulaƟon Layer: Online MulƟ-Scale Displacement ForecasƟng 645 

The DT embeds the dual-stream deep learning model developed in Chapter 3. AŌer each state 646 

update, the system automaƟcally computes displacement predicƟons for 1-day, 7-day, 30-day, 647 

and 90-day horizons. Model inference is triggered automaƟcally as new data arrive, and mulƟ-648 



 

 

scale forecasts are visualized within the twin environment. High-frequency response 649 

characterisƟcs, trend evoluƟon, and seasonal structural variaƟons from model outputs are 650 

mapped to corresponding elements of the DT’s spaƟal representaƟon. 651 

(3) Risk-InterpretaƟon Layer: Engineering-Oriented Mapping of MulƟ-Scale Indicators 652 

Using the threshold system developed in Chapter 4, the DT automaƟcally assigns four-level 653 

early-warning states. Risk Įelds are rendered through voxelizaƟon, semi-transparent overlays, 654 

and cross-secƟonal visualizaƟon, projecƟng mulƟ-scale risk structures onto the 3D landslide 655 

body. This enables idenƟĮcaƟon of spaƟal clusters of short-term acceleraƟon, visualizaƟon of 656 

deformaƟon-intensiĮed regions at the monthly scale, and delineaƟon of structurally 657 

controlled high-risk zones on the seasonal scale. 658 

(4) Engineering-Scheduling Layer: Decision-Making Mechanisms Triggered by Early 659 

Warning 660 

The engineering-scheduling layer transforms predicƟon and risk-interpretaƟon outputs into 661 

acƟonable decisions. Short-term scheduling relies on high-frequency monitoring and a rule-662 

based engine to support rapid response, dynamic path opƟmizaƟon, and emergency 663 

operaƟons. Medium-term scheduling leverages simulaƟon-based opƟmizaƟon for engineering 664 

task scheduling, resource allocaƟon, and priority planning. Long-term scheduling draws upon 665 

the risk database, strategic planning tools, and cross-departmental coordinaƟon models to 666 

opƟmize annual miƟgaƟon programs and resource investment. 667 

5.2 Application of the Digital Twin System to an Actual Engineering Landslide 668 

To validate the pracƟcal value of the proposed digital-twin-based mulƟ-scale engineering 669 

scheduling system, a representaƟve landslide in Yunxi County, Shiyan City, Hubei Province was 670 



 

 

selected for retrospecƟve veriĮcaƟon. The evaluaƟon period spans from 1 July to 30 December 671 

2024, covering the high-risk Ňood season. Through the state-percepƟon layer, the system 672 

synchronizes GNSS displacement, Ɵlt measurements, rainfall data, and other monitoring 673 

variables at a minute-level resoluƟon, forming a complete digital twin of the physical landslide 674 

body (Fig. 19). This ensures conƟnuous and coherent Ɵme-series inputs for the predicƟon and 675 

risk-interpretaƟon modules. 676 

 677 

Fig. 19.  Schematic Diagram of Landslide Digital Twin Visualization Early Warning and 678 

Decision-making Platform. 679 

In the short-term forecast, the system issued a red early warning on July 12, 2024, for 680 

acceleraƟon at the landslide toe triggered by rainfall. The digital twin immediately acƟvated 681 

the emergency response mechanism (Fig. 20), automaƟcally generaƟng an opƟmized patrol 682 

route and dispatching seven inspectors to prioriƟze checks at the toe and other criƟcal 683 

monitoring points. Personnel in hazardous zones were evacuated in Ɵme, and temporary 684 

drainage and support measures were rapidly deployed. Although a localized collapse occurred 685 

at the toe on the evening of July 14, the early warning provided by the digital twin enabled 686 



 

 

successful avoidance of risk for both personnel and equipment, prevenƟng casualƟes and 687 

damage to key faciliƟes. 688 

  

(a) (b) 

  

(c) （d） 

Fig. 20.  Schematic Diagram of Landslide Short-term Early Warning: (a) Before Landslide 689 

Collapse, (b) System Short-term Early Warning, (c) Landslide Sliding, (d) Slope Toe Cracks. 690 

In the medium-term forecast, starƟng from July 1, the system consistently idenƟĮed signiĮcant 691 

monthly-scale deformaƟon trends at the mid-slope and western Ňank, issuing an orange 692 

warning. SimulaƟon results highlighted two creep bands with pronounced incremental 693 

deformaƟon. Based on simulaƟon-driven opƟmizaƟon of construcƟon risk and scheduling, the 694 

digital twin generated a construcƟon plan for drainage ditches, unloading trenches, and 695 

support beams, specifying an opƟmized sequence of operaƟons and resource allocaƟon (Fig. 696 

21). AŌer implementaƟon, the reinforcement of criƟcal slope secƟons was completed as 697 



 

 

planned, eīecƟvely controlling cumulaƟve deformaƟon of the landslide mass. 698 

  

(a) (b) 

  

(c) (d) 

Fig. 21.  Schematic Diagram of Landslide Medium-term Early Warning: (a) Digital Twin 699 

Simulation and Analysis, (b) Identification of Two Creep Zones, (c) Simulation-Optimized 700 

Construction Risks and Progress ,(d) Construction Scheduling Design of Drainage Ditches, 701 

Unloading Ditches and Support Beams 702 

In the long-term forecast, the system integrated rainfall and predicted displacement to 703 

conduct seasonal risk assessments over the enƟre landslide. It predicted high-risk condiƟons 704 

during the Ňood season. Using the risk database and mulƟ-department coordinaƟon, the 705 

digital twin produced an annual miƟgaƟon plan, including key pre-Ňood reinforcement, 706 

drainage, and monitoring arrangements, along with opƟmized funding and personnel 707 

deployment. The actual implementaƟon followed the planned schedule, and the seasonal 708 

evoluƟon of the landslide closely matched the predicted trends and risk assessments. 709 



 

 

6 Discussion 710 

The temporal–physical dual-stream model and the mulƟ-scale landslide predicƟon and 711 

intelligent risk–decision framework developed in this study enable integrated management 712 

across short-term, monthly, and seasonal Ɵmescales. By directly mapping displacement 713 

forecasts to engineering acƟons, the system achieves a closed-loop workŇow—from short-714 

term emergency response to medium- and long-term miƟgaƟon planning. The results 715 

demonstrate that, for rainfall-induced landslides, the framework eīecƟvely idenƟĮes 716 

acceleraƟon phases, opƟmizes resource allocaƟon, and supports miƟgaƟon strategy 717 

formulaƟon, conĮrming the engineering value of the dual-stream deep learning architecture. 718 

Nevertheless, several limitaƟons remain. First, the current physical features primarily rely on 719 

derived kinemaƟc indicators and do not fully incorporate mulƟ-source informaƟon such as 720 

groundwater level, pore-water pressure, or subsurface geological structure, which may restrict 721 

predicƟve accuracy for complex or compound landslides. Second, the robustness and 722 

transferability of the model and indicators depend on the availability of high-quality 723 

monitoring data; missing or anomalous data may reduce decision reliability. Third, the 724 

adaptability of the system to extreme weather events or mulƟ-trigger scenarios requires 725 

further evaluaƟon. Overall, despite these limitaƟons, the proposed approach oīers a pracƟcal 726 

and deployable framework for intelligent, mulƟ-scale landslide risk management and provides 727 

a reference pathway for future system enhancement and mulƟ-source data integraƟon. 728 

7 Conclusions 729 

This study develops a mulƟ-Ɵmescale, full-lifecycle landslide forecasƟng and intelligent risk-730 

decision framework that enables a complete closed loop from displacement predicƟon to 731 



 

 

engineering scheduling. By combining EEMD-based signal decomposiƟon with a dual-stream 732 

deep learning architecture that incorporates both temporal features (TCN–BiLSTM) and 733 

physically informed descriptors, the proposed model delivers accurate displacement 734 

predicƟons at daily, monthly, and seasonal Ɵmescales. Building on the forecasted 735 

displacement, three engineering-oriented risk indices were established: a short-term 736 

acceleraƟon-sensiƟvity index, a medium-term trend-risk index, and a long-term integrated 737 

deformaƟon index. These indicators translate model outputs into four acƟonable warning 738 

levels, supporƟng rapid emergency response, monthly construcƟon planning, and quarterly 739 

miƟgaƟon strategies. The case study demonstrates that the dual-stream model reliably 740 

idenƟĮes rainfall-induced acceleraƟon phases, maintains stable trend predicƟon over medium 741 

and long horizons, and signiĮcantly enhances robustness under nonstaƟonary deformaƟon 742 

condiƟons. The derived indices capture both transient and structural deformaƟon 743 

characterisƟcs, enabling quanƟtaƟve and interpretable risk classiĮcaƟon. Integrated within a 744 

digital twin environment, the system provides real-Ɵme visualizaƟon, mulƟ-scale forecasƟng, 745 

and automated engineering decision support, forming a coherent workŇow for landslide 746 

hazard management. Overall, this research establishes a comprehensive and operaƟonal 747 

technical chain that links predicƟve modeling, risk interpretaƟon, and engineering scheduling. 748 

The proposed framework oīers a scalable and transferable soluƟon for intelligent landslide 749 

early warning and mulƟ-Ɵmescale disaster miƟgaƟon, and provides a foundaƟon for future 750 

developments that incorporate addiƟonal mulƟ-source data and more advanced physical 751 

constraints. 752 
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