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METHODOLOGY
The proposed approach utilizes an LSTM-autoencoder to reconstruct randomly 
permuted input sequences, leveraging the Hann window for smoothing time series and 
a custom soft-DTW loss function for improved anomaly detection performance.

INTRODUCTION

● Growing concern for building safety due to increasing urbanization
● Escalating demand for reliable infrastructure monitoring and management
● Evolving environmental factors impacting building displacements, e.g., climate 

change-induced natural disasters
● Challenges in detecting complex deformation patterns with traditional PS-InSAR
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DATABASE

                          
● Data from European Ground Motion Service (EGMS) covering a rectangular 

region around Rome, Italy
● 500,000 PS time-series with 300 timestamps each, indicating deformations in 

millimeter resolution along the line of sight (LOS)
● Measurements aggregated over 80,000 building footprints from 2015 to 2020

● Absence of ground truth anomalies leads to using synthetic deformation for 
training/validation

● Examples: Anantrasirichai et al. (simulated slow deformation),

QUALITATIVE EVALUATION
The figures on the left display the positions of unusual buildings in Rome with a support score (S) above 10% and a minimum of 5 
anomalous PS instances, using colored pins. The heatmap illustrates the density of detected anomalous PS points, independent of 
their support scores. Additionally, The figures on the right show aerial and street view assessments of some identified anomalies.

Motivation

Proposed Solution
● Unsupervised learning method leveraging autoencoders and LSTM networks to 

address the lack of ground-truth data
● Innovative data preprocessing strategy and reconstruction loss function for 

enhanced anomaly detection performance
● Aim: Evaluate the effectiveness of the proposed method in accurately 

identifying diverse building displacement anomalies

Ground-truth Generation

Lattari et al. (change points for 
slow deformation), Shakeel et 
al. (Gaussian peaks for 
earthquake deformations)

● Three synthetic deformation 
scenarios: trend anomaly, noise 
anomaly, and step anomaly

● Up to 25% anomaly rate to 
simulate varying proportions of 
anomaly presence in evaluation 
samples

EXPERIMENTAL RESULTS
Hann windowing, random permutation, and soft-DTW reconstruction loss improve the 
overall anomaly detection accuracy, but hinder the detection of specific anomalies.


