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Introduction

Automatic landslide mapping Is crucial for aiding
emergency response operations in the aftermath of such
catastrophic events.

There are several limitations in existing methods, as they:
= Focus on single, homogeneous ecoregions

= Require commercial high-res satellite images

= Detect both newly-activated and old landslides

Our contributions:

I. Creation of a globally diverse landslide
geodatabase, harmonizing existing inventories from
heterogeneous ecoregions

II. Development of a novel bitemporal-bimodal
architecture for change detection, and its validation
on the landslide detection task from medium-res
Sentinel-2 images and elevation data (DEM)

Database creation
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@ Train set
@ Test set
Inventory # polygons  Triggering event

1 Central Sulawesi (Indonesia) 6,749 M7.5 earthquake (2018)

2 Luding County (China) 8,194 M6.8 earthquake (2022)

3 Mesetas (Colombia) 838 M5.7 earthquake (2019)

4 lburi subprefecture (Japan) 4,657 M6.6 earthquake (2018)

5 Tiburon peninsula (Haiti) 14,482 M7.2 earthquake + heavy rains (2021)

Our global inventory of landslides includes over 34,000
distinct landslide polygons from 5 manually-validated
landslide Inventories from heterogeneous ecoregions.
Landslide sizes range from very small (~100 m2) to very
large (~100,000 m2).

Contact: tommaso.monopoli@linksfoundation.com

Dataset download & processing

For each region of interest, we retrieved Sentinel-2 images (10
m/px) from 3 months before and 1 month after the landslide-
triggering event, along with ALOS DEM data (30 m/px).

Sample S2 images of Iburi subprefecture (Japan), before (left) and after (right) the 2018 earthquake,
with manually mapped landslides highlighted in red

Data processing include:

1. Cloud detection and masking
2. Data normalization and resampling at 10m

3. Extract 256 x 256 patches and form bitemporal pairs
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Model and training

BBUnet: a novel change detection architecture for handling both
S2 image pairs (=2 bitemporal) and DEM data (= bimodal)
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BBUnet architecture, with detail on the Bitemporal-Bimodal Fusion (BBF) module

We trained BBUnet and other baselines on a dataset of over
55,000 distinct (S2-pre, S2-post, DEM) patches.

Augmentations: random horizontal/vertical flips, random rotations,
brightness/contrast jittering, band-wise histogram matching

Source code

Model Input F1 score Precision Recall

BIT S2 pair 0.306 0.497 0.221
SEIFNet S2 pair 0.299 0.576 0.201
TinyCD S2 pair 0.257 0.580 0.165
Unet-Siam-Diff S2 pair 0.341 0.525 0.252
BBUnet (ours) S2 pair + DEM 0.348 0.582 0.249
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Contributions

= Aglobal landslide database representing different ecoregions

= BBUnet: a bitemporal-bimodal architecture for change detection
= Leveraging on DEM enhances landslide delineation capabilities

Future works

= Find better annotated landslide inventories

= Strategies to cope with inaccurate annotations
= EXxperiment with other augmentations
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