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Semantic Enrichment — Sentinel-2

SIAM (Satellite Image Automatic Mapper) (Baraldi et
al 2018): Spectral categories

"High" leaf area index (LAI) vegetation types (LAl values decreasing left to right)

"Medium" LAl vegetation types (LAl values decreasing left to right)

Shrub or herbaceous rangeland

Other types of vegetation (e.g., vegetation in shadow, dark vegetation, wetland)
Bare soil or built-up

Deep water, shallow water, turbid water or shadow

Thick cloud and thin cloud over vegetation, or water, or bare soil

Thick smoke plume and thin smoke plume over vegetation, or water, or bare soil
Snow and shadow snow

Shadow

Flame

Unknowns

+ Approx. 5-day revisit time => intuitive time-series analysis
(Augustln et al, 2019)
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But, problem: Clouds. _ » e .
=> Can we do something like this with Contains modled CoperncusSentine ot 2023
Sentinel-1 SAR imagery? Tenerife, Jan. 2023, processed W|th SIAM
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Sentinel-1

- C-band SAR, 5.55cm wavelength

=> Signals pass through clouds.
- Dual-polarimetric, typically VV and VH regularly captured over land.

Scatterer types: Theory
Double Bounce
Surface
)\ Volume
Rough Surface
Smooth Surface , ,,\'\T/‘/v /
o —h <
R '” f = Adapted from Figs. 2.8 and 2.9 of The SAR Handbook (Ch. 2, Meyer, 2019)
Typical S1 Backscatter
\"AY Low Medium Medium High
VH Low Low-Medium Medium [High]
Ploughed field, lava field Vegetation, snowpack Buildings, cliffs

E.g. Calm water, tarmac



Semantic Enrichment for Sentinel-1?

Polarimetric categories.

Volume Double-

scattering  bounce

Surface scattering
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What numbers to use?

4 Backscatter dataset:

e Sentinel-1 RTC (Catalyst, Microsoft Planetary
Computer) [*]

* |W, GRD
e Orthorectified
VH . Volume Double-
scattering  bounce e 10m x 10m pixel grid

e Speckle-filtering applied

Surface scattering

[*] https://planetarycomputer.microsoft.com/dataset/sentinel-1-rtc
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https://planetarycomputer.microsoft.com/dataset/sentinel-1-rtc

What numbers to use?

S1 scene extract, VV:
Around Salzburg, 4-Apr-2022
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y = /log(x + 1)

Pixel count Pixel count

Pixel count

VV (linear) VH (linear)
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Value Value
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VV (custom) VH (custom)
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i - i 0-
0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
Value Value

Scene ID: S1A_IW_GRDH_1SDV_20220604T165923_20220604T165948_043516_05321B_rtc

Hugely skewed.

Inconvenient range,
varies between images?

Mostly between 0 and 1.
(Some additional skew.)
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Around Inverness ...

Sample area
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Map data from OpenStreetMap, openstreetmap.org/copyright


https://openstreetmap.org/copyright

Around In

S1, VV, 25-Aug-2020

Sample area
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https://openstreetmap.org/copyright

Around Inverness

Time-series, sample medians and IQRs, Jun-2020 to Aug-2020
Distribution density, 25-Aug-2020
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Around Inverness
Time-series, 10-pixel subsamples, Jun-2020 to Aug-2020
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Revised Categories

Starting point: Regular binning

VH
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Revised Categories
6,12,13,15:
8: Physically ill-defined Mostly double-bounce

l

After several more experiments...

9,18:
Mostly volume scattering

1,2,3,4,5:
Mostly surface scattering

(smooth to rough) 0: NoData/Invalid

0.2
—-0.2 0.0 0.2 04 06 0.8 1.0 oo
W

Others:
Mixed or complex interactions
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Inverness

Pol. categories,
25-Aug-2020
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https://openstreetmap.org/copyright

Inverness Revisited

Category time-series

Clear differences:
* Composition

* Behaviour over time

Categorical stability.
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I Notice change to rougher

surface categories here.

It was windy then!
(https://www.timeanddate.com/
weather/uk/inverness/historic?m

onth=8&year=2020).
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https://www.timeanddate.com/weather/uk/inverness/historic?month=8&year=2020
https://www.timeanddate.com/weather/uk/inverness/historic?month=8&year=2020
https://www.timeanddate.com/weather/uk/inverness/historic?month=8&year=2020

Im plementatiOn O https://github.com/lukesdm/dpolcat

dpolcat.py

\
Sentinel-1 RTC Scaler Categorizer Result
VvV, VH Non-linear transform Decision tree
)

gV

Suitable for Big Earth Data Analytics?

* Pixelwise processing => Embarrassingly parallel
e Parameter-free => Use on any scene, across slices

* ~4 minutes to process a Sentinel-1 scene (single core).

9 N Uum ba rr d a S k 2% Microsoft | Planetary Computer

numba.pydata.org/ www.dask.org/ planetarycomputer.microsoft.com/
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https://github.com/lukesdm/dpolcat
https://numba.pydata.org/
https://www.dask.org/
https://planetarycomputer.microsoft.com/

Usage Example:
Flood Mapping

Floods around Duisburg,
Germany, July 2021

Model: New instances
of smooth surface (cat.
1) pixels likely to be
floodwater.

R ot =

ns Modified Copernicus Data, 2021 }j

Ruhrort

Duisburg
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pernicus Data, 2021

EMS-mapped
flood

Model flood
estimate

Contains Modified Copernicus Data, 2021 & OpenStreetMap
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[*]: Copernicus EMSR517



https://emergency.copernicus.eu/mapping/ems-product-component/EMSR517_AOI06_DEL_MONIT01_r1_RTP03/1

Discussion

Key points:

Landcover can consist of several different scatterer types.
No 1:1 mapping of category to surface type.
Considerable variation across space and time.

dpolcat is not a robust classifier, on its own.

Possible next steps:

Refine scaling function (less skew).

Test on more areas, further refine categories.
Integrate with Sentinel-2.

Explore new applications.

Your ideas?
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