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Introduction and Aims

The Pianello hillslope, in the municipality of Bovino (Apulia, Southern Italy), is a 

paradigmatic example of deep-seated, slow-moving landslides affecting clay-rich flysch 

formations of the Daunia Apennines. The geological substrate is characterized by 

tectonized, fine-grained turbiditic sequences with interbedded fractured lithologies, where 

low shear strength and high pore pressures contribute to long-term slope instability. In-

situ investigations have revealed persistent piezometric heads at depth and complex 

deformation patterns controlled by both tectonics and past landslide activity.

In this work, we explore the Pianello slope through three complementary analyses: (1) a 

spatial correlation study between PSInSAR-derived velocity gradients and building damage; 

(2) the use of Natural Language Processing (NLP) techniques for the automated 

classification of historical borehole descriptions; and (3) an initial investigation into 

Physics-Informed Neural Networks (PINNs) to simulate unsaturated flow dynamics using 

Richards’ equation. Together, these approaches aim to provide a multi-scale understanding 

of slope processes, leveraging both geospatial data and historical records.
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CONCLUSIONS AND FUTURE PERSPECTIVES

Using COSMO-SkyMed SAR data and the SBAS algorithm, we derived Persistent Scatterer 

Interferometry (PSInSAR) velocity maps for the Pianello slope. A key focus was the spatial 

distribution of East-West velocity gradients, which were analyzed in relation to mapped 

structural damage in the urban area of Bovino. Our preliminary results, suggest that spatial 

velocity gradients may be associated with damage patterns, potentially reflecting the 

interaction between deep-seated landslide kinematics and the built environment. The 

adopted workflow is outlined in Figure 1. 

Figures 2a-c shows examples of a damaged building facades. Figure 2d-f shows the output 

of the analysis, namely the spatial velocity gradient map (Easting component), the vertical 

and easting surface displacements. 

Linking SBAS ground deformation patterns to Structural Damages

The work aims at demonstrating the value of integrating satellite-based techniques, in-

situ measurements, and historical data to support the phenomenological interpretation 

of observed landslide activity and related damage. Future developments will focus on 

deriving empirical relations between surface and subsurface data, incorporating 

additional in-situ measurements.

A Physics-Informed Approach to Water Diffusion 

The algorithm reached 86.5% accuracy on a 4-class problem. Furthermore, estimated 

uncertainty in the Flysch-Debris Bedrock Surface is approximately 5.5 meters, as shown 

in Figure 4.  

We are investigating Physics-Informed Neural Networks (PINNs) to model water infiltration 

in the Pianello slope, coupling data-driven learning with the Richards Equation for 

volumetric water content estimation in 2D vertical sections. Daily precipitation (2013–

2023) are fed into our framework as a Neumann-type boundary condition (BC) to account 

for water flux intake. As we cannot rely on a sufficiently large network of in-situ 

piezometers, the PINN minimizes losses from the governing PDE and BCs, bypassing the 

need for data. Further work is still needed to perform inverse parameter estimation and 

uncertainty quantification.

Figure 2. Distribution of urban building damages in the municipality of Bovino. On the left(a-c): pictures of damaged building facades 

showing fissures. On the right (d), a map of the area of interest: green lines represent building templates; red lines represent 

boundaries of the known landslide bodies; purple and orange lines indicate building facades with damage identified during the 

February and October 2023 inspection campaign, respectively. On the right: IDW interpolation of the Vertical (and Easting) component 

of the surface displacement rates within 2017–2024-time span: red areas indicate downward vertical (and westward) displacements, 

blue areas indicate upward vertical (and eastward) displacements. 

Figure 1. Flowchart for mapping building exposed to differential surface displacements and to link high spatial velocity 

gradients to infrastructural damages

Figure 4. On the right: row-normalized confusion matrix. On the center: scatterplot comparing predicted and observed values of 

depth to the Flysch bedrock surface. On the right: the distribution of residuals.

NLP-based BOREHOLE CLASSIFICATION using SentenceBERT

Historical geotechnical reports contain valuable but unstructured information regarding 

lithological and mechanical properties of the subsurface. We developed a classification pipeline 

based on a pretrained all-mini-LM-L6-v2 Sentence-BERT encoder combined with a self-

attention layer to extract and categorize borehole log sentences, mimicking a geotechnical 

expert. The model was trained to identify key litho-technical units, namely eluvial, debris, 

flysches. This automated approach will facilitate large-scale, data-driven characterizations of the 

slope stratigraphy. 

Figure 3. Each borehole is represented as a sequence of 1536 lithological descriptions (depth resolution: 5 cm over 76.5 

m). Sentence-BERT encodes each description into a 384-dimensional vector, forming a matrix of size 1536×384 per 

borehole. These embeddings are compressed via a multi-layer perceptron (MLP) to 128 dimensions and enriched with 

positional encoding. The resulting sequences are input to a Transformer model with 16 attention heads and dropout 0.1 for 

layer-wise classification. Performance is evaluated using overall accuracy, Cohen’s κ, and confusion matrices.

Figure 5. Physics-Informed Neural Network (PINN) Framework for Simulating Volumetric Water Content Dynamics. Top-left: Example 

of imposed top boundary flux over time, represented by the time series of the180-cumulated precipitation, used as input forcing in 

the model. Top-right: Vertical cross-section of the Pianello hillslope, showing surface topography and the boundaries of eluvial and 

debris deposits. Locations and depths of piezometers (C1p, C2p, SC1, SC2) are indicated. Bottom-left: Temporal evolution of 

predicted volumetric water content θ at selected spatial points (see colored markers). Bottom-right: Training curves showing the 

evolution of total and PDE loss over 30,000 epochs, indicating convergence of the PINN solution to the Richards equation.
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