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Volcano Deformation: Measurements

The LiCSAR volcano database of Sentinel-1 InSAR data
Dataset: 2,019,621 images of 1150 volcanoes
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Opportunities
* Understanding Magmatic Systems
* Monitoring and Forecasting

Challenges:
* Interpretation
* Timely dissemination

Machine Learning Tools




Towards global volcano deformation monitoring
using satellite InSAR

Part 1: CNN
Large Scale Demonstration of Anantrasirichai et al (2018,2019a,b)

Part 2: Development of New Methods
 New Architectures
 New Applications
 New Catalogues
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Deep Learning Framework: CNN

Synthetic examples (a) Training process
Deformation

0=
777
0 o7
N PN

Training

L
¥, BRORIAA K
Vel ?..-.'o-‘.".’o'-‘.‘.

» 2o¥ 4y 5 s
NI R 0"".'0‘.".-. Stratified atmosphere
Flattening oC ¥, -~ '.ﬂ,'..'.."' LA X | | r
............ @ T wWEREY
A ©°

% A
LA RSA_ABOOR 2o Turbulent atmosphere
AN g o ;
}'&*‘*0’4\\\ 4
\ P Bl D r—
\\V,A\\\

Real examples

CNN model

B @
Deformation

Backou nd

LicSAR test dataset: 30,249 interferograms.
Classification Accuracy: 0.981
Detection Threshold: 3-4 cmn depending on conditions

Anantrasirichai et al, 2018, 2019a,b



Automatic Processing

Detection

Expert Review

592,224 images;

3177 images:

1,084 volcanoes

220 volcanoes

Sentinel-1 Acquisitions
[

CEDA Sentinel-1 Mirror Archive

|
LiCSAR Processing Chain
(Lazecky et al, 2020)

Wrapped Interferograms
LiCSAR Portal

Crop to Volcano Aol using GVP

Individual Image ML-CNN
(Anantrasirichai et al, 2018,2019a)
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Sentinel-1 Acquisitions

CEDA Sentinel-1 Mirror Archive

592,224 images;
1,084 volcanoes

Automatic Processing
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Expert Review
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Automatic Processing

Detection

Expert Review

592,224 images;

3177 images:
220 volcanoes

1,084 volcanoes

Sentinel-1 Acquisitions
[

CEDA Sentinel-1 Mirror Archive

LiCSAR Processing Chain
(Lazecky et al, 2020)

Wrapped Interferograms
LiCSAR Portal

Crop to Volcano Aol using GVP

Individual Image ML-CNN
(Anantrasirichai et al, 2018,2019a)
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592,224 images;

Automatic Processing

Detection
3177 images;

Expert Review

Sentinel-1 Acquisitions 1— : . . ey
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Automatic Processing

Detection

Expert Review

592,224 images;

3177 images:

1,084 volcanoes

Sentinel-1 Acquisitions

CEDA Sentinel-1 Mirror Archive

LiCSAR Processing Chain
(Lazecky et al, 2020)

Wrapped Interferograms
LiCSAR Portal

Crop to Volcano Aol using GVP

Individual Image ML-CNN
(Anantrasirichai et al, 2018,2019a)
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External
Information
(e.g. GVP)
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Large Deformation Events

Galapagos:
1,247 (38%) detections, including 904 from Sierra Negra
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Large Eruptions & Intrusions:
Kilauea + Taal + Etna + Erte Ale = 149 flags
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Slow Deformation

20 cm/yr = 81 flags

15 cm/yr = 63 flags
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Other Signals
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Towards global volcano deformation monitoring
using satellite InSAR

Part 1: CNN
Large Scale Demonstration of Anantrasirichai et al (2018,2019a,b)

Part 2: Development of New Methods
 New Architectures
* New Applications
 New Catalogues
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Unlabelled images

"

Training
dataset

See poster session for more details:

Feature

extraction

-

Test images

e

Normal image

»

Abnormal image

 Anomaly Detection For The Identification Of Volcanic Unrest In Satellite Imagery; Robert Gabriel
Popescu, Nantheera Anantrasirichai, Juliet Biggs
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Semi-supervised Learning: Methods b

Learning the task

Learning data characteristics

100 labelled
images

e —
( 30249 \I

| unlabelles | L ___ -
: images | ' \
| & | Pre-trained deformation |
| | ResNet + ResNet Faster- 4 detection result |
| MLP " RCNN :
e EENyS82@002EEwy 77T _/

Contrastive learning Detector

See poster session for more details:
* Semi-supervised Learning Approach for Ground Deformation Detection in InSAR, Nantheera
Anantrasirichai, Tianqgi Yang, Juliet Biggs
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e Semi-supervised Learning Approach for Ground Deformation Detection in
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Global InSAR Database: Metadata Studies

1) A significant statistical link to volcanic eruptions :  3) Architecture of active magmatic systems:
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( Classification of Signals: Space

East African Rift: 64 volcanoes, 4000 interferograms L
16 volcanoes with high SNR i

Temporal parameters (Albino et | Source parameters
(This poster)
Vel Trend depth (m) V‘:::;;‘ e
Alu-Dalafilla| Linear 1.2E+03 | -4.7E+05
Corbetti Linear 7.7E+03 | 6.9E+07
Dabbahu | Linear 5.3E+03 | 1.8E+07
Dallol Linear 1.3E+03 | -1.2E+06
Gada Ale | Linear 2.2E+03 | -2.8E+06
Erta Ale | Sigmoid 1.3E+03 | -6.3E+05
Olkaria | Sigmoid 7.8E+03 | -3.8E+07
Suswa | Sigmoid 3.8E+03 | 4.4E+06
Tullu Moje | Sigmoid 6.2E+03 | 3.0E+07
Note: Orange source parameters indicate the inversion results were poor

14 deformed volcanoas
(it b lalita |

See poster session for more details:
e Systematic Extraction of Volcano Deformation Source Parameters
from Sentinel-1 InSAR Data; Ben Ireland, Juliet Biggs, Nantheera

Anantrasirichai Albino et al, Gcubed, 2021



Conclusions

Operational Methods, CNN:

. Plled to large datasets of interferograms to detect eruptions, intrusions, slow
rmation and transients.

* Runs automatically on LICSAR systems and results released through COMET
volcano portal.

New Methods:

* Proof-of-concept studies using new architectures for anomaly detection and
semi-supervised learning.

* New applications to separating signals and noise
 Developing a systematic global database of volcano deformation
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Semi-Supervised Learning

* A small portion of the training data is labeled, and the majority is
unlabeled.

Model understands data,

\
‘l ‘l improving generalisation and
g 1 robustness
Model understands : :
the task | i ) Tasks (e.g., Classification,
1 i Regression)
| I
| i
| i
| i
| I
7 ]

https://towardsdatascience.com/supervised-semi-supervised-unsupervised-and-self-supervised-learning-7fa79aa9247c



Semi-supervised Learning: Results

 LiCSAR test dataset (30,249 interferograms)

B T S

EnVISat 1369 1327 Application of Machine Learning to Classification of Volcanic
. Deformation in Routinely Generated InSAR Data, 2018
Envisat + FP 104 42 62 0)
o A deep learning approach to detecting volcano deformation
SynthEtIC v FP 50 41 9 1 from satellite imagery using synthetic datasets, 2019
Semi—supervised 45 40 5 2 Contrastive learning + Faster-RCNN

See poster session for more details:

* Semi-supervised Learning Approach for Ground Deformation Detection in InSAR, Nantheera
Anantrasirichai, Tianqgi Yang, Juliet Biggs



Unsupervised Learning: Results

Supervised: Flagged

Example: Lawu, Indonesia
Toprgraphically-correlated atmospheric noise
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See poster session for more details:
 Anomaly Detection For The Identification Of Volcanic Unrest In Satellite Imagery; Robert
Gabriel Popescu, Nantheera Anantrasirichai, Juliet Biggs
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