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Campus location (south side of the Tagus river)
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The Campus of FCT-NOVA
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Australia 2019/2020

The Shocking Size of the
Australian Wildfires

Acres burned in recent major wildfire events

12.0m
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2.0m 2.2m ®
2018 2019 2019 2019
California Amazon Siberian Australian
fires fires fires fires

Sources: CalFire/Russian Federal Forestry Agency via BBC, New York Times
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186,000 square kilometres burnt
Over 5,900 buildings destroyed
At least 34 people killed
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The Copernicus constellation - PR

e Copernicus Sentinel-1

e Sentinel-1A and Sentinel-1B were launched on 3 April 2014 and on 25 April 2016
* All-weather, day and night radar imagery for land and ocean services

e Copernicus Sentinel-2 — revisit time of 5 days — free access
* Sentinel-2A and Sentinel-2B were launched on 22 June 2015 and on 7 March 2017
* High-resolution optical imagery for land services
* Examples: vegetation, soil and water cover, inland waterways and coastal areas.
* Sentinel 2C and 2D are planned to launch in 2020 and 2021 (cut revisit time)

Copernicus Sentinel-3

* Sentinel-3A and Sentinel-3B were launched on 16 February 2016 and on 25 April 2018 ,1’ . @

* High-accuracy optical, radar and altimetry data for marine and land services.

* Examples: sea-surface topography, sea- and land-surface temperature, ocean colour
and land colour with high-end accuracy and reliability.

 EUMETSAT operates the marine mission while ESA delivers the land mission.
Copernicus Sentinel 5p - air pollution monitorization
Sentinel 4 and 6 still to be launched
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http://www.eumetsat.int/website/home/index.html
http://www.esa.int/ESA

IPSentinel- Portuguese infrastructure for storing
and providing images of Sentinel satellites

ipesentinel ... o3

Sentinel Satellites Imagery - Portugal

https://ipsentinel.pt/
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https://ipsentinel.pt/

Sentinel-2 bands

Band

B1
B2
B3
B4
B5
B6
B7
B8
B8a
B9
B10
B11
B12

Resolution

60 m
10 m
10 m
10 m
20m
20m
20m
10m
20m
60 m
60 m
20m
20m

Central
Wavelength
443 nm
490 nm
560 nm
665 nm
705 nm
740 nm
783 nm
842 nm
865 nm
940 nm
1375 nm
1610 nm
2190 nm

Description

Ultra blue (Coastal and Aerosol)
Blue
Green
Red
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Short Wave Infrared (SWIR)
Short Wave Infrared (SWIR)
Short Wave Infrared (SWIR)
Short Wave Infrared (SWIR)
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Cloud detection — sentinel scl mask

* Sentinel-2 provides Level-2 products: — scene classification mask

* Level 2A-processing is split into two parts:

NO_DATA
* Scene Classification (SC) - pixel classification map (1) SATURATED_OR_DEFECTIVE
* Cloud 2 DARK_AREA_PIXELS
¢ Cloud shadows 3 CLOUD_SHADOWS
* \Vegetation 4 EG ‘
* Soils/deserts >
« Water 6 WATER
* Snow ;

CLOUD_MEDIUM_PROBABILITY

* Atmospheric Correction (S2AC) aims at transforming TOA (top of 9 CLOUD._HIGH_PROBABILITY
atmosphere) to BOA(bottom of atmosphere) reflectance. I—
11 SNOW

* For our work, values 3, 8, 9 e 10 were considered “clouds”

Scene classification values
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Cloud Shadows (3)

“ifl’e,‘fi- ‘-j-'&.‘

RGB Image Resulting Cloud

Mask Image

16th December 2019



Automatic detection and

Wate r d Ete CU O n evaluation of water

bodies




Does Sentinel-2 indentify water (code 6)7

Sentinel-2 water detection Our water detection
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Sentinel-2
bands and

indexes used for
water

classification

Not used

Not used

Calculated indexes:

Band
Bl

B2
B3
B4

B5
B6
B7
B8
B8a
B9
B10
B11

B12

Resolution
60 m

10 m
10 m
10 m

20m
20m
20m
10 m
20m
60 m
60 m
20m

20m

Central Wavelength
443 nm

490 nm
560 nm
665 nm

705 nm
740 nm
783 nm
842 nm
865 nm
940 nm
1375 nm
1610 nm

2190 nm

Normalized Difference Vegetation Index — NDVI = (B8 — B4) / (B8 + B4)
Normalized Difference Water Index — NDWI = (B8 —B12) / (B8 + 12)

Modified Normalized Difference Water Index — MNDWI1 = (B3-B11) / (B3+B11)
Modified Normalized Difference Water Index — MNDWI2 = (B3-B12) / (B3+B12)

Description
Ultra blue (Coastal and Aerosol)

Blue
Green
Red

Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Visible and Near Infrared (VNIR)
Short Wave Infrared (SWIR)
Short Wave Infrared (SWIR)
Short Wave Infrared (SWIR)

Short Wave Infrared (SWIR)



Water classifier

* Inputs:

Sentinel-2 bands: 1,2,3,4,5,6,7,8,9,11,12
Ndvi

Ndwi

Mndwil

Mndwi2

e CART Decision Tree (Matlab)

* Trainning set: 15 000 000 pixels from 12 months - 1 250 000 pixels from
each month

* The Ground Truth: the COS - Land-Cover Land-Use maps



Water detection
The Ground Truth

* COS - Land using occupation map periodically
updated by DGT — Direcao Geral do Territdrio
(3 years cycle)

* Portuguese COS has 10 mega-classes:

4 - Agrofot
5 — Forests
6 — Bushland

ONUENECONCN

Classes 0, 8 and 9 are considered water 20



The ground truth problem

Alvito dam - October 2019 Odivelas dam - October 2019 Roxo dam - October 2019 Vale Gaio dam - October 2019

- Water bodies according to COS - Real water bodies

21



A complex decision tree... that works
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Test

How shall we train the classifier?

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec




January 2019

May 2019

February 2019

March 2019

Apr 2019
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Alvito Dam
example

Is water always water?

December
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Odivelas dam
during 2019
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Estimated area vs Measured volume (2019)

Odivelas dam Alvito dam

100% 100%
90% 90%
80% 80%
70% 70%
60% 60%
50% 50%
40% 40%
30% 30%
20% 20%
10% 10%
0% 0%

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

=—8—=\/0lume percentage === Area percentage ==@=—=\/0lume percentage ==8==Area percentage
Roxo dam Vale Gaio dam
100% 100%
90% 90%
80% /—_ . 80% /\
S

70% \ 70%
60% 60%
50% 50%
40% 40%
30% 30%
20% 20%
10% 10%
0% 0%

Jan Feb Mar Apr May  Jun Jul Aug Sep Oct Nov  Dec Jan Feb Mar Apr May  Jun Jul Aug Sep Oct Nov Dec

=l \/0lume percentage = Area per centage =@ \/0lume percentage =l Area percentage



Digital Elevation
Model by
EarthDatal

*https://earthdata.nasa.gov/
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*https://earthdata.nasa.gov/

Water volume estimation based on
Digital Elevation Model by EarthData?
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Semi-automatic Fire

F I re b re a kS Break Maintenance

Operations Detection




Fire Break Maintenance Operations Detection

* The Portuguese Institute of Nature and Forest Conservation defined the
Fire Breaks Network (11 125km, 1 600Km already implemented)

* A Fire Break is a strip of land that has been strategically and artificially
modified, where vegetation density is reduced to break up the continuity
of fuel

*zm #*4m ##*4m
30m 30m

LIIT IR 1111

BRSNSy A vy e R I NS R R A

- >4

&

FB: 60 m RN:5m FB: 60 m

* |t acts as a barrier to slow or stop the progress of wildfire
* Its maintenance must be ensured and verified periodically
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2017-04-15 2017-06-14

Operations examples

2017-07-24

2017-06-14

C1 - Serra dos Candeeiros : : y -
C2 —Serta Vg~ 2 ‘ 2017-05-25 2017-06-14
C3 - Fundao s - =
C4 —Seia
C5 - Marisol
2017-04-28 2017-06-14

2018-01-30

2018-02-24 2018-03-26




Example of a maintenance operation

Band 04 image of intervention on a FB in Serra dos Candeeiros

8 May 2017 4 July 2017
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Fire break detection problems

* Geolocation error: translactional offset < 1.5 pixels
* Fire breaks between 60m and 125m are 6 to 12 pixels wide

Original Image Corrected image
Estimated offset of 0.7 North/South and -0.11 East/West
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Bands and indices

Sentinel-2 bands: B02, BO3, BO4, BO5, BO7, BO8, B8A, B11 and B12

NDMI

NDVI

RVI

NMDI

NDI

ExG
ExR
ExGR
MEXG

Calculated indices

| ndex | Desripton | Eguaton

Normalized Difference Moist Index
Normalized Difference Vegetation Index
Ratio Vegetation Index

Normalized Multi-band Drought Index

Normalized Difference Index

Excess of Green

Excess of Red

Excess of Green minus Excess of Red
Modified Excess

B08—B11
B08+B11
B08—B04
B08+B04
B04
BO8
B8A—(B11-B12)
B8A+(B11-B12)

B03—-B04
L8PS (BO3+B04- T 1)

2XB03 — B04 — B02

1.3xB04 — B03
ExG — ExR
0.441xB04 — 0.811xB03 + 0.383xB02 + 18.78745
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Vegetation index along the year
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Comparison FB and VEG
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Fire Break detection

* A Neural Network with one hidden layer varying the number of
neurons in the interval [5,100] with steps of 5 was adopted

* Features were grouped for evaluation

BO5, ExG
B11, ExG
BO5, ExG, NMDI
B11, ExG, NMDI
BOS5, ExG, ExR
B11, ExG, ExR
BO5, ExG, ExGR
B11, ExG, ExGR
BO5, ExG, ExR, NMDI
BO5, ExG, ExGR, NMDI
B11, ExG, ExR, NMDI
B11, ExG, ExGR, NMDI

SelectKBest feature selection algorithm
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Cross Validation Error (%)

s network size important?

25

A WN P

35

45 55
N2 of Neurons

BO5, ExG
B11, ExG
BOS5, ExG, NMDI
B11, ExG, NMDI

65 75 85

10
12

Detection Recall (%)

BO5, ExG, EXGR
B11, ExG, ExGR
BO5, ExG, ExGR, NMDI
B11, ExG, ExGR, NMDI

A neural network with 53 neurons on the
hidden layer was choosen to classify

based on Group 5

15 25 35

45 55

N2 of Neurons

65 75 85 95

ExR is on all the best

= O o un

BO5, ExG,
B11, ExG,
BO5, ExG,
B11, ExG,

ExR
ExR
ExR,
ExR,

Broups yadi e o thdisos

NMDI

NMDI a1




Classification
nerations

O

results on maintenance

Classification results for the training dataset.

Median Filter Data Mean Filter Data
Detection Yes No Yes No
Recall (%) 93 98 97 99
Precision (%) 94 98 89 97
F1-Score (%) 93 98 93 98
Relative Error (%) N | 3.3
Félée Classification results for the validation dataset (average of all generated classifiers).
positives
must be Median Filter Data Mean Filter Data
avoided ection Yes No Yes No
(few positive Recall (% 87 97 77 98
examples Precision (%) | > 57 99 64 99
available) F1-Score (%) 68 98 70 99
Relative Error (%) 29 2.5
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Conclusions

* Land-Cover Land-Use maps
 Water detection and evaluation is accurate

* Production of automatic simplified Land-Cover Land-Use maps is possible but
very difficult (preliminary tests indicate errors in the order of 30% to 40% of
the pixels)

* Improve the classification by more adequate trainning set selection

* Fire Break Maintenance Operations Detection
* The developed methodology produces acceptable results

* Mean filtering is more conservative but median filter facilitates maintenance
detection (but with tendency for more false positives)
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