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Abstract 16 

Geospatial foundation models (GeoFMs) provide transferable embeddings that may reduce 17 

manual feature engineering in landslide susceptibility mapping (LSM). However, their 18 

application to local-scale LSM remains constrained by unreliable negative samples and 19 

redundancy in high-dimensional representations. This study proposes a deployment-oriented 20 

workflow that integrates AlphaEarth embeddings with positive-unlabeled (PU) learning, 21 

thereby aligning transferable geospatial representations with the intrinsic positive-unlabeled 22 

structure of landslide inventories for practical local-scale LSM, using the Hong Kong landslide 23 

inventory as a testbed. Methodologically, we first diagnosed and mitigated multicollinearity 24 

within embeddings and traditional physical features through targeted optimization, including 25 

dimensionality reduction and regularization. We then trained PU classification models using 26 

the Positive and Background Learning with Constraints algorithm under three feature 27 

configurations: Embedding-only, Traditional-only, and Fused. Furthermore, we evaluated 28 

model interpretability and decision stability using SHapley Additive exPlanations and rank-29 

correlation metrics. The results show that the Embedding-only configuration provides a 30 

competitive, low-preprocessing baseline. When multicollinearity is mitigated, the Fused model 31 

achieves the best overall performance and the most spatially selective delineation of high-32 

susceptibility areas, with the majority of landslides captured within only 6.3% of the study area 33 

and a landslide density approximately 24 times the background level. The results further 34 

suggest that GeoFM embeddings complement traditional physical features by providing fine-35 

grained surficial semantics, helping reduce false positives in complex built environments, and 36 

partially substituting for some satellite-derived indices. Overall, this workflow supports rapid 37 
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engineering-geological screening and more detailed susceptibility assessment under realistic 38 

label constraints. 39 

 40 

Keywords: Geospatial foundation model; Landslide susceptibility mapping; AlphaEarth; 41 

Positive-unlabeled learning; Hong Kong 42 

 43 

1. Introduction 44 

Landslides are among the most common and destructive natural hazards worldwide, leading to 45 

significant loss of life and infrastructure (Haque et al. 2016; Froude and Petley 2018). 46 

Landslide susceptibility mapping (LSM) aims to predict future landslides by analyzing the 47 

relationship between historical landslide inventories and environmental factors, and thus plays 48 

a crucial role in disaster management (Guzzetti et al. 1999). For engineering-geological 49 

practice, local-scale LSM supports rapid hazard screening, pre-event preparedness, and the 50 

prioritization of hillside management, land-use planning, and field investigation (Reichenbach 51 

et al. 2018). However, directly deploying advanced artificial intelligence, such as foundation 52 

models, for operational local-scale LSM remains challenging. The primary bottlenecks lie in 53 

effective feature representation and the reliability of training labels. 54 

From the perspective of feature representation, conventional LSM typically relies on 55 

physically interpretable conditioning factors, such as Elevation, Slope, Normalized Difference 56 

Vegetation Index, Topographic Wetness Index, and Stream Power Index (Meena et al. 2022). 57 

While these factors are widely used, they often struggle to capture subtle surface textures and 58 

complex non-linear interactions in heterogeneous terrains, which can limit predictive accuracy 59 
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(Merghadi et al. 2020). While deep learning algorithms such as convolutional neural networks 60 

provide stronger feature extraction capabilities to overcome this limitation (Liu et al. 2022; 61 

Chen et al. 2025b), they inadvertently trigger the second bottleneck: the demand for large 62 

labeled datasets to train these models from scratch, which is often unfeasible in local 63 

operational LSM (Jiang et al. 2025). 64 

The geospatial foundation model (GeoFM) paradigm offers a promising alternative. By 65 

leveraging self-supervised pretraining on massive Earth observation data, GeoFM can extract 66 

transferable representations that are readily adapted to downstream tasks with sparse labels 67 

(Mai et al. 2024). For example, the Prithvi model, trained from Landsat and Sentinel-2 data 68 

(Szwarcman et al. 2026), significantly outperforms conventional models in LSM (Li et al. 69 

2025). General-purpose GeoFMs such as SkySense (Guo et al. 2024), TerraMind (Jakubik et 70 

al. 2025), and StefaLand (Kraabel et al. 2025) have demonstrated strong performance across a 71 

broad range of Earth observation tasks. More task-specific studies have begun to explore 72 

GeoFM representations for hazard applications, including flood hazard mapping (Kim and 73 

Oikonomou 2025) and landslide hazard mapping (Li et al. 2025). By leveraging transformer 74 

architectures and large-scale pretraining, GeoFMs have shown strong potential in terms of 75 

predictive accuracy, data efficiency, and cross-sensor generalization across Earth observation 76 

tasks (Reed et al. 2023; Hong et al. 2024). However, deploying these models often requires 77 

complex fine-tuning or is limited to specific sensor inputs and scope. In contrast, AlphaEarth 78 

offers a more deployment-friendly approach. Backed by comprehensive global coverage, it 79 

directly generates compact embeddings from multi-source imagery, implicitly encoding 80 

cumulative spatio-temporal surface information with minimal preprocessing (Brown et al. 81 
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2025). This “ready-to-use” property makes AlphaEarth particularly attractive for operational 82 

LSM, as it reduces manual feature engineering while providing continuous, fine-grained 83 

semantic descriptors beyond traditional physical factors. 84 

Nevertheless, a key question remains: how can GeoFM be reliably deployed in local-scale 85 

LSM? Reliable deployment at the local scale raises at least two practical questions. First, it is 86 

unclear whether GeoFM embeddings alone can match the explanatory power of traditional 87 

physical factors, and whether they should be used as a standalone representation or fused with 88 

traditional physical factors. Second, GeoFM embeddings are typically high-dimensional and 89 

may exhibit substantial redundancy and multicollinearity due to spatial autocorrelation when 90 

applied to regional datasets, which can compromise model robustness and interpretability if 91 

used without targeted optimization (Dormann et al. 2013). 92 

In parallel, the label structure of landslide inventories introduces another major barrier to 93 

operational LSM. In practice, reliable negative samples (non-landslides) are seldom available, 94 

as the absence of a record does not guarantee hillside stability; it may simply reflect incomplete 95 

surveys or a lack of triggering events (Wang et al. 2022; Dou et al. 2023). Consequently, 96 

conventional Positive–Negative (PN) sampling often selects negative samples based on 97 

subjective rules or simplified assumptions, introducing biased or noisy negatives that degrade 98 

model generalization (Chen et al. 2025a). Positive-Unlabeled (PU) learning instead trains on 99 

confirmed landslides and unlabeled background samples, allowing a larger pool of 100 

observations to contribute to model training without requiring additional negative annotation 101 

(Bekker and Davis 2020; Fu et al. 2024). This property is particularly useful in the present 102 

study because each observation is represented by a high-dimensional GeoFM embedding. PU-103 
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based LSM has been explored in various forms, including PU-bagging (Wu et al. 2021), two-104 

step strategies (Yao et al. 2022) and other PU-enhanced classifiers (Zhang et al. 2024) for 105 

handling unlabeled data. However, most PU-based susceptibility studies still rely on traditional 106 

physical factors, and the integration of PU learning with GeoFM embeddings remains 107 

underexplored. 108 

Motivated by these gaps, this study investigates a practical pathway for deploying GeoFM 109 

in LSM by combining (1) a PU learning paradigm that matches the intrinsic label structure of 110 

landslide inventories, and (2) a systematic evaluation and optimization mechanism for high-111 

dimensional embedding features. Using Hong Kong as a case study, we adopt the Positive and 112 

Background Learning with Constraints (PBLC) algorithm as a PU learning backbone and 113 

examine three feature configurations: Embedding-only, Traditional-only, and Fused feature sets. 114 

Based on performance comparison, interpretability analysis, and stability diagnostics, this 115 

work provides empirical evidence and practical guidance for deploying GeoFM embeddings in 116 

local-scale LSM. 117 

Specifically, the contributions of this research are threefold: 118 

(1) A PU-learning deployment strategy for engineering-geological susceptibility 119 

assessment under unreliable negative labels. We adopt a PBLC-based modeling workflow 120 

that learns from positive landslide inventories and unlabeled data, mitigating bias introduced 121 

by negative sampling and supporting rapid deployment without manually constructing reliable 122 

negative samples. 123 

(2) A systematic benchmark of GeoFM embeddings in local-scale LSM. We compare 124 

Embedding-only, Traditional-only, and Fused feature sets to quantify whether GeoFM 125 
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embeddings are sufficient as a baseline and how much additional gain can be achieved by 126 

fusing embeddings with traditional physical factors.  127 

(3) Practical guidelines for using high-dimensional embeddings robustly. We 128 

explicitly diagnose redundancy and multicollinearity in GeoFM embeddings and evaluate 129 

optimization strategies such as dimensionality reduction and regularization, to improve model 130 

robustness and maintain interpretable decision logic when embeddings are applied alone or 131 

fused with traditional physical factors. 132 

 133 

2. Methodology 134 

To deploy GeoFM embeddings for local-scale LSM under a PU setting, we developed a 135 

systematic workflow that combines AlphaEarth-derived embeddings with PBLC-based 136 

modeling, using Hong Kong as a case study. The methodology was structured into three core 137 

phases: (1) diagnosing and mitigating multicollinearity in the high-dimensional embedding 138 

space for robust representation; (2) modeling and benchmarking landslide susceptibility across 139 

Embedding-only, Traditional-only, and Fused feature configurations; and (3) conducting 140 

interpretability and stability analyses via SHapley Additive exPlanations (SHAP) and rank-141 

correlation to evaluate the model’s decision logic. Ultimately, these steps establish a concrete 142 

empirical foundation for using GeoFM in local-scale hazard assessment. 143 

 144 

2.1. Study area and landslide inventory 145 

Hong Kong (HK) is located on the southeastern side of the Pearl River Delta and comprises 146 

Hong Kong Island, the Kowloon Peninsula, and the New Territories (including Lantau Island 147 
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and over 260 outlying islands). The region is characterized by a complex, rugged mountainous 148 

terrain. The scarcity of flat terrain has necessitated high-density urban development directly 149 

adjacent to these steep foothills (Wong 2009). Governed by a subtropical monsoon climate, 150 

HK experiences hot, humid summers with frequent typhoons and extreme rainfall (Ko and Lo 151 

2016). The convergence of these complex geological conditions and seasonal intense 152 

precipitation renders HK one of the most landslide-prone urban areas globally. 153 

Historical landslide data were collected from the Enhanced Natural Terrain Landslide 154 

Inventory (ENTLI), published by the Civil Engineering and Development Department of Hong 155 

Kong. This dataset, constructed through high-resolution aerial photograph interpretation and 156 

field investigations, details the spatial distribution and geometry of natural terrain landslides 157 

(Gao et al. 2021). These recorded landslide events were directly selected as positive samples. 158 

To ensure spatio-temporal consistency between landslide events and predictor variables, the 159 

following screening criteria were applied: (1) Temporal Filtering: Only records from 2017 160 

onwards were retained to align with the acquisition period of AlphaEarth; and (2) Spatial 161 

Filtering: Samples falling outside the study area or lacking complete environmental data 162 

coverage were excluded. This process resulted in a final dataset of 1059 historical landslide 163 

events (Fig. 1). 164 
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 165 

Fig. 1 Boundary of the study area and spatial distribution of the landslide inventory in HK (map 166 

lines delineate study areas and do not necessarily depict accepted national boundaries) 167 

 168 

2.2. Predictor variables and preprocessing 169 

To comprehensively characterize the environmental conditions conducive to landslides, a total 170 

of 81 predictor variables were derived from multi-source data. The detailed data sources and 171 

extracted variables are summarized in Table 1. These variables were categorized into six groups 172 

based on their attributes: (1) GeoFM Embeddings; (2) Topographical Factors; (3) Hydrological 173 

Factors; (4) Geological Factors; (5) Surface Activity Factors; and (6) Satellite-derived Factors. 174 

The spatial distribution of representative embedding features and traditional physical factors is 175 

visualized in Fig. 2. All spatial data were resampled to a 10 m resolution. Categorical variables, 176 

including Aspect, Lithology, Land Use, and Land Cover, were numerically encoded using the 177 

frequency ratio method to meet the input requirements of the model: 178 𝑇(ݔ௜) = Pr(௫೔|௬=1)Pr(௫೔)                                   (1) 179 

where T(xi) represents the transformed value for the i-th category of variable x; Pr(xi | y = 1) 180 
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denotes the frequency of the i-th category within landslide locations; and Pr(xi) represents the 181 

background frequency of the i-th category across the entire study area (Li et al. 2022). 182 

 183 

Table 1. Overview of data sources and extracted predictor variables. 184 

Dataset Features Provider Type Resolution 

Google Satellite 
Embedding 

Embeddings (64 bands):  

A00 to A63 

Google Earth Engine Raster 10 m 

Digital Terrain Model Elevation, Slope, Aspect,  

Plan Curvature, Profile 
Curvature, TWI, SPI 

HK Lands Department Raster 5 m 

Road Centreline Distance to Roads HK Lands Department Vector - 
Water Framework 
Spatial Data 

Distance to Rivers HK Water Supplies 
Department 

Vector - 

GEO Raingauge Data Average Daily 
Precipitation 

HK Civil Engineering and 
Development Department 

Vector - 

Geological Maps Lithology, Distance to 
Faults 

HK Civil Engineering and 
Development Department 

Vector - 

Population Census Population Density HK Census and Statistics 
Department 

Vector - 

Land Utilization Land Use HK Planning Department Raster 10 m 

ESRI 10m Annual 
Land Cover 

Land Cover Google Earth Engine Raster 10 m 

Sentinel-2  NDVI, NDBI Google Earth Engine Raster 10 m 

  185 
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Fig. 2 Spatial visualization of representative embedding features (e.g., A00, A01, and A02) and 186 

traditional physical factors 187 

GeoFM Embeddings. High-dimensional environmental semantic information was 188 

extracted using the AlphaEarth Model. To aggregate multi-temporal information, we calculated 189 

the time-series mean of the AlphaEarth embeddings from 2017 to 2024, resulting in 64 190 

embedding features (A00–A63). Unlike traditional physical factors, these embeddings are 191 

designed to capture fine-grained surface textures and latent semantic patterns that are difficult 192 
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to quantify through conventional means (Brown et al. 2025). 193 

Topographical Factors. Key geomorphological parameters were extracted from a 5 m 194 

resolution Digital Terrain Model (DTM), including Elevation, Slope, Aspect, Plan Curvature, 195 

and Profile Curvature. Aspect was initially reclassified into five categories (North, South, 196 

East, West, and Flat) and subsequently transformed into continuous values using Eq. 1. 197 

Hydrological Factors. Given that hydrological conditions govern pore water pressure 198 

within hillsides, the Topographic Wetness Index (TWI) and Stream Power Index (SPI) were 199 

calculated to characterize topographic control on saturation and erosion potential:  200 𝑇ܹܫ = ln( ௌ஼஺tanఉ)                                   (2) 201 ܵܲܫ = ܣܥܵ × tan202 (3)                                 ߚ 

where SCA denotes the Specific Catchment Area and β represents the slope (Li et al. 2022). 203 

Additionally, the Distance to Rivers was calculated, and an Average Daily Precipitation 204 

distribution map was generated via inverse distance weighting interpolation based on rain 205 

gauge observations from 2017–2024. 206 

Geological Factors. Geological structures provide the material basis for hillsides. 207 

Lithology was extracted from geological maps and encoded via Eq. 1, while Distance to 208 

Faults was calculated using Euclidean distance to quantify the impact of tectonic activity on 209 

rock mass integrity. 210 

Surface Activity Factors. This category reflects the influence of anthropogenic 211 

disturbances. For Land Use and Land Cover, the mode category for the periods 2018–2023 212 

and 2017–2024, respectively, was selected and transformed via Eq. 1. Distance to Roads was 213 

included to reflect disturbances to hillside stability caused by road construction. Population 214 
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Density, derived from 2021 census polygon data, was converted to a raster and spatially 215 

smoothed to ensure continuous transitions across census district boundaries, providing a more 216 

realistic representation of human activity. 217 

Satellite-derived Factors. Vegetation and built-up indices were calculated using 218 

Sentinel-2 multispectral imagery. The Normalized Difference Vegetation Index (NDVI) and 219 

Normalized Difference Built-up Index (NDBI) were derived from the time-series mean for 220 

2017–2024. To maintain spatial consistency, the 20 m resolution short-wave infrared band (B11) 221 

used for NDBI was resampled to 10 m using nearest-neighbor interpolation. 222 

To mitigate redundancy within the feature space, a preliminary collinearity diagnostic 223 

protocol was established using the Variance Inflation Factor (VIF) and Pearson correlation 224 

coefficient, based on 5295 random samples (five times the number of positive samples). 225 

Following this screening protocol, three distinct feature sets were defined: Embedding-only 226 

(GeoFM embeddings only), Traditional-only (all variables except GeoFM embeddings), and 227 

Fused (all variables combined). After the variable selection process, the remaining features 228 

underwent Z-score normalization. To address severe internal multicollinearity, a Principal 229 

Component Analysis (PCA) layer retaining 95% of the cumulative variance was implemented 230 

for the Embedding-only and Fused sets. Conversely, PCA was omitted for the Traditional-only 231 

set to preserve the explicit physical interpretability of these low-dimensional, pre-screened 232 

factors. PCA was implemented as an integrated preprocessing layer within the neural network 233 

architecture. 234 

 235 

2.3. Landslide susceptibility modeling and assessment 236 
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To address the inherent PU characteristics of landslide inventory data, this study adopts the 237 

PBLC algorithm to construct the predictive model. Unlike traditional supervised learning, 238 

which requires labeled negative samples, PBLC uses labeled positive samples together with 239 

unlabeled background samples as model input. PBLC estimates the posterior probability of 240 

landslide occurrence, Pr(y = 1 | x), where x denotes the predictor vector and y = 1 indicates 241 

landslide occurrence. This is achieved by modeling the relationship between the observed label 242 

variable s and the true state y, where s = 1 denotes a labeled landslide: 243 Pr(ݏ = (ݔ|1 = Pr(௬=1|௫)Pr(ݕ = ೎೎−1+(ݔ|1                                 (4) 244 

where c = Pr(s = 1 | y = 1) denotes the label frequency, representing the probability that a 245 

landslide is recorded (labeled). By introducing a maximum probability constraint into the loss 246 

function, specifically assuming the maximum probability of landslide occurrence in the study 247 

area is Pmax ≈ 1, the PBLC algorithm iteratively solves for the parameter c during the training 248 

process (Li et al. 2021). 249 

A fully connected Artificial Neural Network (ANN) serves as the base classifier to fit 250 

these probabilities. The network architecture comprises three hidden layers with 32, 16, and 8 251 

neurons, respectively. To enhance generalization, each hidden layer is followed by a Batch 252 

Normalization layer and a Dropout layer (rate = 0.3). 253 

To simultaneously address positive-negative imbalance, label noise, and overfitting, a 254 

composite loss function, Ltotal, was constructed. First, Focal Loss Lfocal was employed. By 255 

setting the focusing parameter γ = 2.0, the model reduces the weight of easily classified 256 

background samples while intensifying focus on hard-to-classify positive samples: 257 ܮ௙௢௖௔௟ = − 1ே∑ ௜(1ݏ] − ௜)ఊݏ̂ log(̂ݏ௜) + (1 − ௜ఊݏ̂(௜ݏ log(1 − ௜)]ே௜=1ݏ̂                 (5) 258 
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where N is the total number of samples in the batch, si ∊ {0, 1} represents the observed label 259 

of the i-th sample, and ŝᵢ denotes the predicted probability of the observed label (Lin et al. 260 

2017). 261 

Second, based on the prior assumption that Pmax ≈ 1, a PBLC constraint term (Lconstrain) is 262 

incorporated. Using a regularization coefficient λ = 0.1, the model penalizes the deviation of 263 

the maximum predicted true posterior probability from this prior expectation: 264 ܮ௖௢௡௦௧௥௔௜௡௧ = ݕ)max(Pr]ߣ = ((ݔ|1 − ௠ܲ௔௫]2                         (6) 265 

Combined with an L2 regularization term (Ll2) to restrict model complexity, the total 266 

optimization objective is defined as: 267 ܮ௧௢௧௔௟ = ௙௢௖௔௟ܮ + ௖௢௡௦௧௥௔௜௡௧ܮ +  ௟2                              (7) 268ܮ

In the experimental setup, a positive-to-background sample ratio of 1:5 was adopted 269 

empirically, with background points randomly sampled from the study area. Samples were 270 

randomly partitioned into training, validation, and testing sets using a 7:2:1 split. To mitigate 271 

uncertainties from data sampling and model initialization, a repeated evaluation strategy was 272 

implemented. Specifically, 10 independent datasets were generated. For each dataset, the entire 273 

pool of positive samples was fixed while a new batch of background samples was randomly 274 

drawn. Both positive and background samples were then randomly partitioned into training, 275 

validation, and testing sets. Subsequently, the model was independently trained 10 times on 276 

each dataset, yielding a total of 100 experimental runs per feature set combination. Training 277 

utilized the Adam optimizer with a batch size of 512 and an initial learning rate of 0.001, which 278 

was dynamically adjusted via a cosine decay schedule with a 20-epoch restart cycle. An early 279 

stopping mechanism was applied, terminating training if the validation loss failed to decrease 280 
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for 20 consecutive epochs after an initial 80-epoch warmup. 281 

Model performance was evaluated using specialized metrics for PU learning 282 

environments, including the Area Under the ROC Curve (AUC) and the Fpb score, which serves 283 

as a proxy for the F1-score in the absence of reliable negative labels: 284 ܨ௣௕ = 2×்௉்௉+ிே+ி௉                                   (8)  285 

where TP represents the number of correctly predicted positive samples, FN is the number of 286 

missed positive samples, and FP denotes background samples predicted as landslides. The Fpb 287 

score reflects the model’s capacity to balance the effective identification of historical landslides 288 

against the suppression of false alarms in background areas, thereby indicating its capacity for 289 

more spatially precise prediction (Li and Guo 2021). 290 

 291 

2.4. Feature importance and its stability 292 

To improve the interpretability of the deep learning model and quantify the marginal 293 

contribution of each predictor variable, this study employs the SHAP method. Rooted in 294 

cooperative game theory, SHAP decomposes the model’s predictive output into additive 295 

contributions attributable to each input feature. For a given test sample, the SHAP value 296 

assigned to a feature represents the magnitude and direction of the feature’s influence relative 297 

to the model’s baseline prediction. Unlike traditional sensitivity analysis, SHAP effectively 298 

captures non-linear relationships and complex interactions among features (Lundberg and Lee 299 

2017). 300 

This interpretability is particularly crucial for the 64-dimensional GeoFM embeddings. 301 

Due to their abstract mathematical nature, these embeddings lack intuitive physical definitions. 302 
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By analyzing global SHAP importance rankings, we aim to determine the actual contribution 303 

of these high-dimensional features to the model’s decision-making process. This analysis is 304 

essential to ascertain whether GeoFM embeddings provide unique environmental semantics 305 

beyond the reach of traditional physical factors, rather than merely introducing computational 306 

redundancy and noise.  307 

Beyond the magnitude of feature importance, this study also evaluates the reliability of 308 

these rankings. While high-dimensional embeddings enrich the feature space, they may also 309 

increase model sensitivity to minor perturbations in training data, potentially exacerbating 310 

overfitting risks. To assess this, Spearman’s Rank Correlation Coefficient was employed to 311 

quantify the consistency of feature importance rankings across experiments (Khaire and 312 

Dhanalakshmi 2022). By calculating pairwise correlations across the 100 independent 313 

experimental runs (as described in Section 2.3), we objectively assessed whether the model 314 

maintains robust decision logic under data perturbations. A consistently high coefficient value 315 

indicates that the model maintains relatively stable feature-importance rankings across repeated 316 

experiments, thereby supporting the robustness of its decision logic (Stow and Stewart 2025). 317 

 318 

3. Results 319 

3.1. Multicollinearity diagnostics and feature set optimization 320 

Feature redundancy and multicollinearity can strongly affect model predictive quality. Fig. 3a 321 

presents the hierarchical clustering heatmap based on Pearson correlation coefficients. The 322 

results reveal distinct block structures, particularly within the 64 embedding features, which 323 

form dense clusters of internal correlation. This indicates substantial redundancy within the 324 
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GeoFM embedding space. 325 

Network topology (Fig. 3b) and VIF statistics (Fig. 3c) provide a comprehensive 326 

diagnostic for feature selection. First, regarding satellite-derived indices, the network graph 327 

(Fig. 3b) reveals that NDVI and NDBI form strong linkages (|R| > 0.75) with specific 328 

embedding features. This pattern indicates that NDVI and NDBI are strongly associated with 329 

specific GeoFM embedding dimensions. 330 

In contrast, topographical factors exhibit a unique pattern. Although Elevation displays 331 

high VIF values (Fig. 3c), it remains structurally isolated from the embeddings in the network 332 

graph (Fig. 3b), with no strong linear connections to GeoFM embeddings. This decoupling 333 

indicates that Elevation captures information not strongly represented in the GeoFM 334 

embedding. Therefore, despite its high VIF, Elevation was retained because it showed limited 335 

direct linear overlap with GeoFM embeddings in the correlation network. 336 

Finally, regarding the embedding features themselves, Fig. 3c confirms severe internal 337 

multicollinearity, with the median VIF significantly exceeding the threshold of 10 and 338 

individual dimensions (e.g., A08) reaching as high as 84.31. Such strong internal redundancy 339 

suggests that directly inputting raw embeddings could complicate model optimization and 340 

undermine interpretability. 341 

Guided by these quantitative diagnostics, the final feature sets were screened and 342 

restructured. Specifically, NDVI and NDBI were explicitly excluded due to their demonstrated 343 

redundancy with the GeoFM embeddings. For the retained high-dimensional embeddings, PCA 344 

was applied to retain orthogonal components explaining 95% of the cumulative variance, 345 

thereby providing more stable inputs for the subsequent ANN model.  346 
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(a) (b) 

 

 
(c) 

 

Fig. 3 Multicollinearity analysis of predictor variables: (a) Pearson correlation matrix heatmap 347 

with hierarchical clustering; (b) Network graph highlighting strong linear relationships (|R| > 348 

0.75); (c) Distribution of VIF values grouped by embedding and traditional physical features 349 

(calculated jointly across the Fused feature set) 350 

 351 

3.2. Comparative assessment and spatial mapping of landslide susceptibility 352 

The quantitative assessment (Fig. 4) demonstrates that different feature sets have a substantial 353 

impact on model performance. The Embedding-only model yields the lowest median AUC and 354 

Fpb values and shows the widest interquartile ranges, indicating comparatively lower and less 355 

stable performance. In contrast, the Traditional-only model significantly outperforms the 356 

Embedding-only model across all metrics, leveraging the strong explanatory power of explicit 357 
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physical factors. 358 

The Fused model demonstrates the dual advantages of superior precision and robust 359 

stability. As illustrated in the box plots (Fig. 4d), the Fused model not only achieves the highest 360 

median AUC and Fpb values but also exhibits the narrowest interquartile ranges, indicating the 361 

most stable performance among the three configurations. A distinct statistical gap is observed: 362 

the lower quartile of the Fused model exceeds the upper quartile of the Embedding-only model. 363 

Furthermore, the higher Fpb values suggest that the Fused model achieves more spatially 364 

focused prediction of historical landslide locations. 365 

(a) (b) 

  

(c) (d) 

  

Fig. 4 LSM across different feature sets: (a-c) Susceptibility maps generated by averaging the 366 

predicted probabilities from 100 independent experiments for the Embedding-only, 367 
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Traditional-only, and Fused models, respectively; (d) Box plots illustrating the distribution of 368 

performance metrics (AUC and Fpb) aggregated over these 100 runs 369 

 370 

Spatially (Fig. 4a-4c), all three models consistently identify the mountainous terrain of the 371 

northern New Territories as high-susceptibility zones. However, notable differences emerge in 372 

highly urbanized areas such as the Kowloon Peninsula. The Traditional-only model assigns 373 

relatively high susceptibility to some elevated roads and other built structures, whereas such 374 

patterns are less pronounced in the Embedding-only map. The Fused model retains the major 375 

high-susceptibility patterns in mountainous terrain while showing fewer apparent false 376 

positives in urban areas. 377 

Statistical analysis of susceptibility classes (Table 2) further compares the spatial 378 

concentration patterns of the three models. The Fused model delineates the most spatially 379 

concentrated high-susceptibility zones. Its high-susceptibility zones (probability > 0.6) occupy 380 

only 6.3% of the study area, compared with 9.1% for the Embedding-only model and 7.3% for 381 

the Traditional-only model. At the same time, only 6.9% of positive samples fall into low-382 

susceptibility zones (probability < 0.4), compared with 8.0% and 13.4% for the Embedding-383 

only and Traditional-only models, respectively. In the highest susceptibility interval (0.8 - 1.0), 384 

the Fused model reaches a frequency ratio of 24.736, corresponding to a landslide density about 385 

24 times higher than the background average. These results indicate that the Fused model 386 

concentrates historical landslides more effectively into a smaller high-susceptibility area than 387 

the other two models. 388 

 389 
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Table 2. Statistics of landslide susceptibility classes, landslide density, and frequency ratios 390 

across the three feature sets, derived from the ensemble average of 100 independent 391 

experiments. 392 

Feature Set Probability 
Interval Grid Count Landslide 

Count Grid Ratio Landslide Ratio 
Frequency 
Ratio 

Embedding-
only 

0.0 - 0.2 4087513 1 0.386 0.001 0.002 

0.2 - 0.4 3815076 84 0.360 0.079 0.220 

0.4 - 0.6 1717881 239 0.162 0.226 1.390 

0.6 - 0.8 769675 406 0.073 0.383 5.272 

0.8 - 1.0 193014 329 0.018 0.311 17.034 

Traditional-
only 

0.0 - 0.2 4895932 3 0.463 0.003 0.006 

0.2 - 0.4 3582007 139 0.338 0.131 0.388 

0.4 - 0.6 1329428 233 0.126 0.220 1.752 

0.6 - 0.8 533521 270 0.050 0.255 5.057 

0.8 - 1.0 242271 414 0.023 0.391 17.077 

Fused 0.0 - 0.2 6206567 3 0.586 0.003 0.005 

0.2 - 0.4 2620913 70 0.248 0.066 0.267 

0.4 - 0.6 1092241 242 0.103 0.229 2.214 

0.6 - 0.8 507895 359 0.048 0.339 7.064 

0.8 - 1.0 155543 385 0.015 0.364 24.736 

 393 

3.3. Feature interpretability and model stability analysis 394 

The SHAP analysis reveals distinct feature-contribution patterns across the different feature 395 

combinations (Fig. 5). The global importance rankings indicate that explicit physical factors 396 

remain dominant predictors of landslide susceptibility. In both the Traditional-only and Fused 397 

models, Slope, Lithology, and Land Use consistently rank as the top factors.  398 



23 

(a) (b) (c) 

   
(d) (e) (f) 

 
  

Fig. 5 SHAP-based feature importance analysis: (a-c) Global feature importance rankings 399 

(mean |SHAP|), derived by averaging absolute SHAP values across 100 independent 400 

experiments for the Embedding-only, Traditional-only, and Fused models; (d-f) SHAP 401 

summary plots illustrating the directional impact of feature values on predictive output, 402 

constructed from a cumulative dataset of 5,000 observations (50 instances randomly sampled 403 

from each of the 100 experimental runs) 404 

A notable shift in feature importance is observed in the Fused model: Lithology becomes 405 



24 

the top-ranked factor, and the importance of TWI also increases. Relative to the Traditional-406 

only model, this pattern suggests that the introduction of GeoFM embeddings changes the 407 

weighting of traditional predictors, with greater emphasis placed on geological and 408 

hydrological variables. 409 

Regarding the embeddings within the Embedding-only and Fused models, specific top-410 

ranked dimensions (e.g., A09 and A18) are associated with lower predicted susceptibility at 411 

higher feature values. Unlike the pronounced dominance of the top three physical factors, the 412 

SHAP values within the embedding dimensions are more evenly distributed. Compared with 413 

the stronger concentration of importance in a few physical factors, the contribution of 414 

embedding dimensions is more evenly distributed, suggesting that no single embedding 415 

dimension dominates model prediction. 416 

The ablation results (Table 3) reveal a clear trade-off between predictive performance and 417 

decision stability. Specifically, while removing the PCA layer (directly inputting raw features) 418 

yields only marginal increases in test-set metrics (evident when comparing experiment No. 2 419 

to No. 1, or No. 5 to No. 4 for Test AUC and Fpb), it simultaneously results in a substantial 420 

decline in the SHAP Spearman correlation coefficient. Additionally, this removal leads to a 421 

widening of both the AUC Gap and Fpb Gap in these corresponding scenarios. This pattern 422 

suggests that, without dimensionality reduction, high-dimensional multicollinearity is 423 

associated with less stable feature-importance rankings and larger train-test performance gaps. 424 

Accordingly, the PCA layer appears more valuable for improving robustness and consistency 425 

than for maximizing raw predictive accuracy.  426 
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Table 3. Ablation results for PCA and regularization across 100 independent runs. 427 

No. Feature Set PCA Reg. SHAP 
Spearman 

Test AUC AUC Gap Test Fpb Fpb Gap 

1 Fused √ √ 
0.708 

±0.102 

0.913 

±0.013  

0.015 

±0.014 

0.956 

±0.094 

0.052 

±0.114 

2 Fused  √ 
0.568 

±0.099 

0.916 

±0.012 

0.028 

±0.014 

0.986 

±0.093 

0.108 

±0.113 

3 Fused   0.282 

±0.101 

0.908 

±0.012 

0.069 

±0.013 

0.870 

±0.142 

0.258 

±0.124 

4 
Embedding
-only 

√ √ 
0.726 

±0.103 

0.885 

±0.013 

0.010 

±0.016 

0.838 

±0.058 

0.024 

±0.078 

5 
Embedding
-only 

 √ 
0.593 

±0.107 

0.900 

±0.013 

0.027 

±0.014 

0.904 

±0.074 

0.106 

±0.089 

6 
Embedding
-only 

  0.243 

±0.123 

0.888 

±0.012 

0.070 

±0.015 

0.751 

±0.150 

0.209 

±0.104 

Note: A check mark (√) indicates that the corresponding component was enabled. Reg. denotes 428 

the combined use of L2 regularization, batch normalization, and dropout. Test AUC, AUC Gap, 429 

Test Fpb, and Fpb Gap are reported as mean ± standard deviation across 100 independent runs. 430 

AUC Gap and Fpb Gap are calculated as the corresponding training-set value minus the test-set 431 

value; smaller values indicate less overfitting. SHAP Spearman is reported as the mean ± SD 432 

of the pairwise Spearman rank correlations among SHAP-based feature-importance rankings 433 

from the 100 runs; higher values indicate greater ranking stability. 434 

 435 

4. Discussion 436 

4.1. A dual-mode framework for engineering-geological screening and assessment 437 

To contextualize the operational value of the proposed model, its performance is compared 438 

with recent LSM studies in HK while accounting for differences in sample construction and 439 

prediction settings. Direct cross-study comparison of AUC values should be treated with 440 

caution because existing studies use different negative-sample strategies, predictor sets, 441 
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temporal settings, and validation designs. Negative samples have been constrained using 442 

landslide priors (Chen et al. 2024), mitigation information (Lyu et al. 2024), manual selection 443 

(Yu et al. 2025), or predefined spatial exclusion rules (Qiu et al. 2024). These procedures 444 

incorporate different amounts and types of prior information and can change the separability 445 

between landslide and non-landslide samples; therefore, their reported AUC values are not 446 

strictly comparable with those obtained under a fully automated whole-area sampling scheme. 447 

In a controlled comparison, the RF model achieved a test AUC of 0.8713 under global random 448 

sampling and 0.8953 after mitigation-informed non-landslide samples were added (Lyu et al. 449 

2024), illustrating the sensitivity of model performance to sample construction. Dynamic 450 

yearly assessment and rainfall-driven spatiotemporal modeling also address prediction settings 451 

that differ from the present study (Ren et al. 2024; Ma et al. 2025) and are thus treated as 452 

contextual references rather than direct benchmarks. Under the fully automated sampling 453 

framework adopted here, the Embedding-only model achieved performance comparable to the 454 

global-random-sampling benchmark, for which an RF test AUC of 0.8713 was reported (Lyu 455 

et al. 2024). This result supports the operational viability of GeoFM embeddings as a 456 

competitive baseline for rapid automated mapping, rather than demonstrating strict superiority 457 

over studies based on more strongly curated samples. 458 

Building upon this validation, this study proposes a dual-mode mapping framework (Fig. 459 

6), using response urgency as the key criterion for selecting between two technical pipelines. 460 

Level 1: Rapid Response Pipeline. This pipeline is engineered for emergency situations 461 

or data-scarce regions. Unlike traditional PN supervised learning, this mode leverages PU 462 

learning to overcome the critical bottleneck of negative sample unavailability during early 463 
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disaster stages. In traditional PN modeling, robust training requires both confirmed disaster 464 

points (positives) and the rigorous delineation of non-disaster zones (negatives) (Bekker and 465 

Davis 2020). The advantage of PU learning lies in its ability to train directly on reported 466 

disaster samples and unlabeled background data, eliminating the prerequisite for confirmed 467 

safety zones (Li et al. 2011). This algorithmic characteristic, combined with the low-468 

preprocessing nature of GeoFM embeddings, creates a minimal-intervention automated system. 469 

Users need only provide disaster coordinates to generate an initial susceptibility map in a rapid 470 

and automated manner, bypassing time-consuming environmental data cleaning and negative 471 

labeling. 472 

Level 2: Detailed Assessment Pipeline. This pipeline is tailored for scenarios with 473 

stringent requirements, such as post-disaster reconstruction planning or engineering site 474 

selection. It emphasizes the deep integration of multi-source data and logical consistency. In 475 

this workflow, GeoFM embeddings are combined with physical factors so that both surficial 476 

semantics and explicit physical controls are represented in the model. To prevent high-477 

dimensional embedding features from overshadowing low-dimensional physical factors, a 478 

feature balancing mechanism is introduced via dimensionality reduction. Furthermore, the 479 

pipeline also incorporates interpretability analysis. By examining whether feature contributions 480 

are broadly consistent with physical understanding through SHAP analysis, the system 481 

provides iterative guidance for data screening, ensuring that the final susceptibility map is not 482 

only statistically accurate but also physically interpretable and robust. 483 

The proposed framework should be viewed as a susceptibility screening tool rather than a 484 

substitute for site-specific geotechnical investigation. Its value lies in producing spatially 485 
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focused susceptibility information under limited-label conditions, which can support 486 

subsequent engineering-geological assessment and field verification. 487 

 488 

 489 

Fig. 6 Dual-mode framework for rapid engineering-geological screening and detailed landslide 490 

susceptibility assessment 491 

 492 

4.2. GeoFM embeddings in local-scale LSM: roles, usage, and generalizability 493 

4.2.1. Roles of GeoFM embeddings in local-scale LSM 494 

The results suggest that the value of GeoFM embeddings in local-scale LSM lies not in 495 

replacing conventional conditioning factors, but in complementing them. In particular, the 496 

embeddings provide rich Earth-observation semantics that go well beyond the information 497 

content of simple satellite-derived variables such as NDVI and NDBI (Jakubik et al. 2023; Mai 498 

et al. 2024). Although categorical Land Use and Land Cover variables are still retained in the 499 

model, the embeddings offer a finer-grained and more continuous description of surface 500 

textures and material compositions, thereby capturing local environmental heterogeneity that 501 

discrete classification schemes may fail to resolve. As a result, when embeddings are fused 502 
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with explicit physical factors, the model can place less reliance on simplified surface-level 503 

proxies and assign greater importance to deeper controlling factors such as Lithology and TWI, 504 

which are more directly related to slope failure mechanisms (Guzzetti et al. 1999). This 505 

semantic-physical complementarity provides a plausible explanation for why the Fused model 506 

achieves both stronger predictive performance and more physically meaningful decision logic. 507 

A more specific contribution of GeoFM embeddings can be observed in highly urbanized 508 

areas. In these areas, the Traditional-only model produces a terrain-driven false-positive pattern: 509 

artificial steep surfaces represented in the DTM, such as embankments and elevated roads, are 510 

assigned high susceptibility because their geometric characteristics resemble those of natural 511 

steep slopes. We refer to this pattern as “elevation deception”. This pattern is particularly 512 

evident in the Kowloon Peninsula, where the Traditional-only model predicts extensive high-513 

susceptibility areas within the built environment (Fig. 4). By incorporating surface semantics 514 

beyond terrain geometry, the Fused model reduces these urban false positives while retaining 515 

high-susceptibility predictions in natural mountainous terrain. This comparison indicates that 516 

GeoFM embeddings complement explicit physical factors by refining the model’s 517 

representation of urban surface context, rather than replacing the geomorphological, geological, 518 

and hydrological controls of landslide susceptibility. 519 

 520 

4.2.2. Temporal implications of GeoFM embeddings 521 

Another important implication of GeoFM embeddings concerns their temporal character. 522 

Previous Hong Kong studies have incorporated temporal or InSAR information in different 523 

ways, including inventory augmentation (Chen et al. 2023), model enhancement and validation 524 
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(Chen et al. 2024; Yu et al. 2025), dynamic yearly assessment (Ma et al. 2025), and prior 525 

evaluation of InSAR applicability (Zhang et al. 2025). The AlphaEarth embeddings used here 526 

are generated from multi-temporal Earth observation data and therefore implicitly encode the 527 

spatio-temporal evolution of the land surface (Brown et al. 2025). This offers a streamlined 528 

way to represent cumulative environmental change, because the temporal dimension is already 529 

embedded in the feature representation rather than being introduced through a separate post-530 

processing step. In operational terms, this property may reduce preprocessing complexity and 531 

enhance the practicality of rapid deployment. 532 

However, the temporal advantage of embeddings should not be overstated. The present 533 

framework mainly exploits implicit temporal information to characterize the quasi-static 534 

condition of the surface environment, and this may not be sufficient to capture instantaneous 535 

triggering processes. In particular, the model is likely to remain less sensitive to short-term 536 

extreme rainfall, typhoon-driven disturbances, and other rapidly evolving triggers that are 537 

central to real-time hazard formation (Ghosh and Saha 2025). For this reason, the implicit 538 

temporal encoding of GeoFM should be viewed as a useful supplement to static susceptibility 539 

assessment, rather than as a complete replacement for explicitly dynamic warning variables. A 540 

promising next step would be to integrate real-time meteorological variables or dynamic 541 

rainfall sequences into the current framework, especially within the higher-precision 542 

assessment pipeline, so that quasi-static embedding features can be directly combined with 543 

short-term triggering information. Such an extension would help connect susceptibility-544 

oriented mapping with more dynamic hazard assessment or early-warning applications. 545 

 546 
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4.2.3. Strategies for using high-dimensional GeoFM embeddings 547 

The ablation results further indicate that the practical value of embeddings depends not only 548 

on whether they are used, but also on how they are used. From a purely predictive perspective, 549 

retaining raw high-dimensional embeddings may be acceptable when the sole objective is to 550 

maximize classification metrics, since deep neural networks are in principle capable of 551 

extracting non-linear patterns from complex inputs. Nevertheless, the results of this study 552 

suggest that raw-feature input comes at a substantial cost in interpretability and robustness. In 553 

the present dataset, the high-dimensional embeddings exhibited severe internal 554 

multicollinearity, a condition known to complicate model interpretation (Dormann et al. 2013). 555 

More generally, learned representations may encode multiple entangled factors of variation 556 

(Bengio et al. 2013). In our repeated experiments, directly combining the raw embedding block 557 

with a much smaller set of explicit physical variables was associated with less stable feature-558 

importance rankings. We therefore interpret this instability as an empirical result of the current 559 

feature configuration, rather than as a universal consequence of high-dimensional 560 

representation learning. In this sense, the main benefit of dimensionality reduction and 561 

regularization is not simply noise reduction, but the preservation of a more stable and 562 

physically interpretable decision structure. 563 

Accordingly, the results support a hierarchical recommendation for embedding 564 

deployment. In accuracy-first scenarios, especially where interpretability is not the primary 565 

concern, retaining raw embeddings remains a feasible option, as it may yield marginal gains in 566 

predictive metrics. By contrast, in hybrid modeling settings, particularly at the local scale, 567 

where embeddings are fused with explicit terrain, geology, and hydrology variables, a 568 
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dimensionality reduction strategy is strongly recommended. Compressing the embedding space 569 

helps construct a more balanced feature landscape, allowing the semantic contribution of 570 

GeoFM to be retained without overwhelming the physically interpretable variables. The 571 

resulting trade-off, namely a marginal sacrifice in raw accuracy in exchange for greater 572 

robustness, consistency, and interpretability, appears justified for practical landslide 573 

susceptibility assessment. 574 

At the same time, the current feature-handling strategy still leaves room for 575 

methodological improvement. PCA is a classical and effective linear solution, but it may be 576 

insufficient for disentangling the complex non-linear structure of the embedding manifold 577 

(Hinton and Salakhutdinov 2006). Recent landslide studies have begun to explore more 578 

advanced deep learning strategies for robust feature extraction (Chen et al. 2024), and future 579 

work could therefore examine whether non-linear compression methods can make more 580 

effective use of GeoFM embeddings. In addition, the present study treats GeoFM as a frozen 581 

feature extractor and trains only the downstream classifier. While this design is computationally 582 

efficient and suitable for deployment, it may limit the model’s sensitivity to subtle local 583 

geomorphological signatures. As fine-tuning becomes increasingly common in GeoFM-related 584 

studies, future research could explore unfreezing selected layers for domain adaptation so that 585 

the model can directly learn landslide-relevant visual signatures instead of relying only on 586 

general-purpose semantic features (Li et al. 2025). 587 

 588 

4.2.4. Generalizability across regions and hazard types 589 

Beyond the HK case, the broader appeal of GeoFM lies in its potential transferability. Because 590 
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foundation-model representations are designed to support adaptation across diverse Earth 591 

observation datasets and downstream tasks, they offer an attractive basis for rapid susceptibility 592 

assessment in data-scarce regions or newly affected areas. Existing evidence demonstrates 593 

transfer-learning gains across downstream Earth observation tasks, including land-cover 594 

classification and semantic segmentation (Cong et al. 2022), while related work has explored 595 

the use of AlphaEarth representations for burned-area mapping (Seydi 2025). These findings 596 

provide a rationale for testing the proposed rapid-response pipeline beyond HK. 597 

That said, this potential remains largely prospective in the context of the present study. 598 

The empirical validation is currently confined to HK, and therefore the cross-regional 599 

robustness of the framework should not yet be assumed. Differences in climatic regimes, 600 

geological conditions, terrain morphology, and inventory completeness may all affect how well 601 

the learned semantic-physical relationships transfer to other regions. Similarly, although the 602 

general-purpose nature of GeoFM suggests possible utility for other natural hazards, such as 603 

floods and wildfires, this multi-hazard applicability still requires direct testing rather than 604 

conceptual extrapolation. Future work should therefore prioritize systematic validation across 605 

multiple regions and hazard types, so as to determine whether the present framework can 606 

evolve from a local landslide application into a more general emergency-response mapping 607 

tool. 608 

 609 

5. Conclusions 610 

This study investigates how GeoFM embeddings can be practically deployed in LSM under 611 

realistic label constraints. By integrating AlphaEarth embeddings with a PU-learning strategy 612 
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based on the PBLC algorithm and validating the workflow in HK, we draw the following 613 

conclusions:  614 

(1) GeoFM embeddings provide a practical and competitive representation for PU-based 615 

local-scale LSM, while feature fusion yields the best overall mapping performance. Across the 616 

three feature configurations, the Embedding-only model provides a competitive and 617 

deployment-friendly baseline, whereas the Fused model consistently achieves the strongest 618 

predictive performance and delineates the most spatially concentrated high-susceptibility zones. 619 

In particular, the Fused model captures the majority of landslides within only 6.3% of the study 620 

area, achieving a landslide density 24 times higher than the background average. These findings 621 

further support a dual-mode application framework, in which Embedding-only PU models 622 

enable rapid susceptibility screening under time and data constraints, whereas Fused models 623 

are recommended for detailed assessment when higher predictive precision and more spatially 624 

selective delineation of high-susceptibility areas are required. 625 

(2) Traditional physical factors and GeoFM embeddings play complementary roles in 626 

model reasoning. While physically interpretable factors remain central to susceptibility 627 

formation, high-dimensional embeddings contribute fine-grained environmental semantics that 628 

help resolve failure cases of purely physical logic. Notably, embeddings provide additional 629 

surface information that helps reduce false positives in highly urbanized areas affected by 630 

“elevation deception”. Moreover, their implicit spatio-temporal encoding may streamline the 631 

representation of cumulative environmental change, although it should be regarded as a 632 

supplement rather than a replacement for explicitly dynamic triggering variables. The results 633 

also suggest that GeoFM embeddings may partially substitute for some conventional satellite-634 
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derived indices, such as NDVI and NDBI. 635 

(3) Stable deployment of GeoFM embeddings requires targeted feature-space 636 

optimization and robustness checks. High-dimensional embeddings exhibit severe 637 

multicollinearity at local scales. Although directly using raw embeddings may bring marginal 638 

performance gains, it can lead to instability in feature-importance rankings and weaken 639 

interpretability. Dimensionality reduction and regularization are therefore recommended for 640 

robust deployment, especially when embeddings are fused with explicit physical variables and 641 

interpretability is an important concern.  642 

Overall, the results indicate that GeoFM can be operationalized in local-scale LSM 643 

through a PU-learning workflow under realistic label constraints. The proposed framework is 644 

particularly useful for rapid engineering-geological screening, prioritization of field 645 

investigation, and detailed susceptibility assessment when both transferable embeddings and 646 

physical conditioning factors are available. 647 

 648 
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