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Exponential increase in earth observing satellites @
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Microsats, drones and the imagery revolution
MODIS (250m Landsat (30m) nﬂnl-1 (10m)

250m, 2 daily 2000 16 days, 1984-
present

PlanetScope (3m)  SkySat

10m, 5-12 days, sees through
clouds, 201 4-present

Drone capture: Houston, 2017
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Flood map science to decisions
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Data to decision pipeline- Flood Monitorina in the Republic of Congé@q
https://congo-flood-monitoring.cloudtostreet.info/recent-data

roundtruthing through field agents, the news,
the community or social media
Locally-optimized flood detection,

with maps fused into one

European Space Agency

ICEYE net'

DigitalGlobe

TERRASAR-X
SERVICES

&

Cloud to StreeCongo: Inondations en temps quasi-réel

.
Automated Al and physics based
algorithms in the cloud
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https://congo-flood-monitoring.cloudtostreet.info/recent-data

Are the existing algorithms to
extract surface water good
enough o enable flood
protectione
For whom?@
Well...that depends...



Agenda

| . How remote sensors measure accuracy and why it
doesn’t work for making decisions from flood maps

2. For whom are we (or should be!) measuring
accuracye

3. A framework and proposed methods to make
science usable for the people who make flood
resilience decisions



Typical Remote Sensing Accuracy Assessment

Confusion Matrix -made forland change maps that
don’t have clouds

Predicted: | Predicted:
n = 165 No Yes o
-random strafified sample
Actual: overestimates accuracy
No Tn =50 FP=10 60
actual: | Frss Tp=100 105 -Ciritical Success. Indgx biased
Yes : . towards overestimating flood
models (Stephens et al 2015)
55 110

-biased towards LARGE slow

Death to Kappa: birth of quantity disagreement A .
and allocation disagreement for accuracy Mmoving Iong duration floods
assessment

Robert Gilmore Pontius Jr & Marco Millones



Which satellite can enable affordable insurance products
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_dSentinel-1 Planetscope
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® GCP Not Flooded
@ GCP Flooded
Il Planet Flooded

Photos from field staff collecting
ground control points




Thanjavur Flood Mapping Overall Accuracy by GCP Type

Percent Accuracy

80.00

/70.00

60.00

50.00

Dr. Sharma GCPs
('I 1/15-1 11’18)

Cloud to Street GCPs
(Based on 11/9)

Planet NDVI Change 11/9
Planet Single NDVI 11/9
Planet PCA 11/9

Sentinel-1 Differencing 11/1z
Sentinel-1 Chini 11/13
Sentinel-1 Martinis 11/13

5-15% accuracy
difference between
ground points and
random stratified
sample method



PlaneiScope as high as 86%, Sentinel-1
80%, TerraSAR StripScan 81%
CLOUDS, REVISIT TIME, IGNORED

Best Accuracies by Sensor and Location

90

Thanjavur Nagapattinam

Percent Accracy

B Planet Single Image NDVI [l Sentinel-1 Chini [ TerraSAR




Why isn’t the accuracy of these maps @
(72% & 80%) as hlgh as itis in the gifofﬁif%Esﬁiii%?fQ; ‘‘‘‘‘
publication (89%- Chini et al 2017)?

-publication bias tfowards good maps, low sample sizes
-biased towards the biggest (EASIEST) floods to map

-wide ranging regional variability...rarely tested

YW @cloudzstreet &% Cloud to Street



Global Flood Database: 896 high quality floods at 250m resolution 2000-2017 (83% accuracy) L@

& Chrome File Edit View History People Window Help @ D D d ce%Em Wed1218PM Q @ =
®  ® 3 Global Flood Database x  +
& > C  © localhost:8080 * ® 0 81 =« o

{‘# Cloud to Street Global Flood Database
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Global Flood Database variance in event @

accuracy and “quality”
’We 19 |<
Rt e 7%

o o !
.'/ ;

.

Overall Accuracy

0.29 - 0.44
0.44 - 0.58
0 0.58-0.72
0 (.72-0.86
® (.86-1.0000

Using MODIS D.FO algorithm
(Brakenridge and Anderson 2006)




Remote Sensing to Flood Model Accuracy Assessment

-CSl .4-.7 is that good enough for...2

25year GLOFRIS ¥  JRU SSBN

} CaMa-Flood§ ECMWFE % CIMA-UNEPY}

Lokoja

'y ", ' ' w Y
h CaMa-Flood ECMWF CIMA-UNEP SSBN

100 year GLOFRIS

Idah

Chemba

Index

Mathematical notation

Il Overlap
Il Modelled

Critical Success E,NE
Index (CSI) CSI = iy ;
Hit Rate (HR
it Rate (HR) HR:meE’,
E
Bias

_ BNE)+E
(E.NVE) + R

1

[ Observed




Comparing Events (Nile, 1998 flood) to Global Flood Models @

-CSlI consistently low
(.11) even when

ranging flood return
times from 25-1000...

-global flood models
miss this flooding
pattern in the Nile

umber of Models Agree
'S [l Event Flood

. H od/
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http://eastern-nile-flood-database.appspot.com/
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https://abidjan.cloudtostreet.info/recent-data

Abidjan, Ivory Coast, 2016 @

o

Permanent water

Cloud/No data
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https://abidjan.cloudtostreet.info/recent-data

&

They [Insert Development Agency Here]
say the same thing each time...The maps
have holes.

Coverage- does the area we can’t see matter?
Did we catch the peak flood?



For whom are we (or should be!) measuring accuracy? @

Uses of EO datarelated to flood risk (n=23 participants)
18

16

14
12
10
] [

hydrological insurance infrastructure early warning  agricultural aid or rescuein land use

models damage disaster planning
L 1_\ I

Kettner, A.J., Schumann, G.J.-P., Tellman, B., 2019. The push toward local flood risk assessment at a global
scale, Eos, 100, DOI:10.1029/2019E0113857. 2018 NASA Flood Risk
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https://doi.org/10.1029/2019EO113857

Main Barriers to Use of EO @

QOt accuratez
not timely
boss/colleague don’t trust N

< not consistent
too low resolution (spatial) I

technical expertise NNEEEEEEEE—————
computer power I
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Users want- daily data, but require different spatial resolutions @

Desired spatial and temporal resolution of EO data

per use

350

300

250

N

00

=
Meters

50

=

00

"

(0]

M temporal (in days) @ spatial (in m)

, @cloud2street (& "' {‘gy‘[’* Cloud to Street




Disaster cycle to decision horizon

Emergency Managers

Predict the size and
damage of a flood

Insurers &
Development Agencies

Risk mapping, affordabl
catastrophe insurance

Early warning and
evacuation

The Disaster
Cycle

Humanitarians,

Insurers
Near-real time map of

floods

Governments

Map of communitieS
hardest hit

Target recovery programs Release aid in 24 hours

g’,-?,‘ Cloud to Street
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Disaster cycle to decision horizon

_ Users:
5 qualities of flood maps

. Event accuracy
. Temporal consistency
. Spatial resolution

o Spgﬂcﬂ CompIeTeness Emergency managers (forecast)
. Speed Citizens (respond, prepare, recover)

Recovery personnel (respond)
Land use planners, engineers (prepare)

Insurers (prepare, recovery)

Scientists (Model/calibrate

days months TIME years

YW @cloudzstreet &% Cloud to Street



trait

[_]event accuracy
spatial completeness
[ spatial resolution

[ ]speed

[]temporal consistency

spatial
completeness
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trait

[_]event accuracy
spatial completeness
[ spatial resolution

[ ]speed

[]temporal consistency

spatial completeness
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trait

[_]event accuracy
spatial completeness
[ spatial resolution

[ ]speed

[]temporal consistency

spatial completeness
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trait

spatial completeness
[_]event accuracy

spatial completeness
[ spatial resolution

[ ]speed

[ ]temporal consistency

, @cleud2street i:;%% Cloud to S.reet



trait

[_]event accuracy
spatial completeness
[ spatial resolution

[ ]speed

[]temporal consistency

spatial resolution

YW ©cludzstreet -';Z'f Cloud to S.reet



Two main types of accuracy mapped onto decision time
horizon/users

Events

L days i :-/f; Cloud to Stieet



Single "event” accuracy &
1.Go beyond weighted stratiflied random sample,CSl,

2. Focus on CRITICAL OBJECTS for users: (crops, assets,
population centers, roads) and report their accuracy

3. Assess representativeness of “peak” flood uncertainty
based on sensor visibility and known issues (e.g. flooded
vegetation in SAR-blind spots)

YW @cloudzstreet &% Cloud to Street



Assess if “peak event” is captured @

MODIS image, Indonesia Flood m\I/SerIaln on Flood confidence map

...

B 0% confident
'~ 50% confident
B 100% confident

- . Flooa extent
W|”|S Re' need.s 80% JRC Permanent Water
accuracy or higher to
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consistency graph

1. Select 50-100
critical
floodable
objects

2. For each
object,
determine
“floodability”

Object correctness

Rainy season

4

@cloud2street {‘,-7,‘ Cloud to Street



consistency graph

Max
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Q to clouds
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Q . Algorithm
e Error
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Rainy season
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Spatial Completeness for Events

Bigger Only small
events map and only
better big map
well

All events
map well

completeness
completeness
completeness
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Congo refugee relocation

Sometimes there IS N0 magic metric
when expert opinion is the only option



Flood ris

wil Verizon & 5:57 PM 0 61%mm )

(o @ om0
Thu, Dec 27

Hey Bessie

11,000

11,000 refugees from DRC arrived
in Makomptipoko over the past 10
days

Are they at flood risk
Fri, Dec 28
Hey «

Just got WiFi after a few days off
the grid «

Let me check in with the team
about this «

Are they in camps camps now? Do
you know exactly where they are?
We can try to get the latest imagery
to map the camps if need be

They just arrived and are sleeping
in churches and schools

o+ ©C © &

V)

CHANGING
LIVES

DRC refugees

To: Bessie Schwarz, Bessie Schwarz, Cc: William VU

k concern at new refugee sites

Details w

Hi, here is the situation at present. The sites called Makomptipoko and Mopongo are already waterlogged

and we’re wondering about relocating these refugees. Thanks

$

)

DEMOCRATIC REPUBLIC. |
JTORIHECANGO, | |
R < O

Markets in Makotipoko are

disrupted as traders from
DRC come to sell goods in RoC.
Local prices are expected

1o increase.

People in Makotipoko are
living in very poor conditions. /"
Asylum seekers say their homes
in DRC were burned. Key needs
include food, shelter and WASH.

Bolobo

The remaining 3,000
asylum seekers in Bouemba
outnumber the local
population 310 1.
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Breakdown of DRC asylum seekers in RoC

Mpouya

Bouemba

Makotipoko

(11,325 people)
Bobilambomo 31
Legniongolo 33
Nkassa Ndziba 52

Balemo

(878)

Lilanga
Mpouya centre
Bouolanga

Bouangalet2

|

|

|

I

I
Mongolo I 444

g

(3,049)

Bouemba - 2,701

Bobi I 247

Bobiankanosso I 381

Mopongo - 1,419

(7,425)

wep

(¥) vam

food security analysis =




Makotipoko: Historical risk and modeled flood risk

Where does it flood in the most
common type of event?
(1 in 25 years)

There’s also high risk based on data we | Fraction of flood models
in agreement

Number of historical detects | - Areas of Makotipoko have have from six flood models(Triag etal., | = o6 []3/6 [l 6/6
- = [ Toe [Jare
[T | tended to flood in the last 30 2016), and also high certainty of this risk | gl 16 [ 4/6

3 150r years ) )
more : (i.e., multiple models agree). | [[]2/6 [ 5/6

& congo-flood-monitoring.cloudtostreet.info/



https://emea01.safelinks.protection.outlook.com/?url=http://iopscience.iop.org/article/10.1088/1748-9326/11/9/094014/meta&data=02|01|jean-martin.bauer@wfp.org|4b300175275044cc211b08d67224542f|462ad9aed7d94206b87471b1e079776f|0|0|636821897712425481&sdata=+HmECLGCiCsYPJSAJkVxOSfyuqG9xRZWWGX4er+nppg=&reserved=0

Mopongo: Historical risk and modeled flood risk

it flood in the most
on type of event?
(1 in 25 years)

Town
outline

Fraction of flood models

Number of historical detects | \We did not observe historical However, the flood models indicate in agreement

~ I | fiooding in Mopongo. medium risk and medium certainty of | LJ 076 [13/6 I 6/6
W16 []4/6

3 15 or ;
that risk. 26 W56

more

{% congo-flood-monitoring.cloudtostreet.info/




Relocating refugees with flood maps/models

"Cloud to Street’s service provides the evidence and models that
scientifically can help us make better decisions in our work,

especially in work on refugee or asylum seeker situations.”

- Chief of Staff, Ministry of Social Affairs, Republic of the Congo

y

4. Bouemba: results are too uncertain to recommend | Medium to Low
moving the asylum-seekers

The Global Flood models we are using may identify areas that are likely to flood, but they could miss other areas and so are
not useful for identifying “safe” areas. Unfortunately, this problem is largest in places like Republic of the Congo where
elevation data is poor and dense forest vegetation influences model results. Therefore, we cannot provide a recommendation
as to which areas would be safe for them to move. Dr. Mark Trigg, who has worked on this reach of the Congo river, said local
knowledge of past flooding will be most useful for determining safer zones for each location and that communities can usually

identify those area
1/10

{% congo-flood-monitoring.cloudtostreet.info




Conclusions

1. We can do better than what remote sensing gives
us for accuracy assessment information

2. Focus on critical objects and features (events vs.
consistency) the user cares about and their
decision timeline
1. Events= peak flood uncertainty, objects

2. Consistency= measure over time and event
anltude
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www.cloudtostreet.info

Dr. Beth Tellman
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Back up and other

YW @cloud2street {‘gy‘[’* Cloud to Street



Temporal Consistency and Spatial Completeness

1. Select 50-100 critical floodable objects
2. For each object, determine “floodability”
3. Determine start/end of rainy season

4. Calculate and graph number of objects visible daily and number
correct (flooded or not)

5. Accuracy= (area under curve/total areq)

YW @cloudzstreet &% Cloud to Street



Skysat Beira Comparison @

- Water extent higher from July 2018, but the structural damage from March
2019 means it was much worse.
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Dar es Salaam

Peak Precip
(mm)
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Most important flood map feature HYPOTHETICAL trait

[Jevent accuracy

[ spatial completeness
[ spatial resolution

[ speed

) [ temporal consistency
spatial completeness

pref

spatial completeness
recovery

spatial completeness

spatial completeness

q,

X Cloud to S.reet
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https://abidjan.cloudtostreet.info/recent-data

Temporal Consistency and Spatial Completeness

1. Select 50-100 critical floodable objects. If 5. Graph over an entire rainy season the daily
they are points, buffer then by some score by summing the object scores that were
amount (~30m) identified.

2. For each object, determine its average
floodability (using distance from a place 6. 1-Ratio under the curve is the consistency
that has ever flooded using C2S metric
recurrence, a model, or the HAND index).

Since floodability is by pixel, you will area This can also be mapped- by summing objects.
weight the object for its per pixel Hotspots of 1s and hotspots of 0 should pop out
floodability to get the average score. and a getis-ord score can be generated (hotspot

3. Determine the rainy season for the analysis)
watershed or country of interest

4. Every day, calculate the number of objects 7. This can be done in the past, but | suggest
visible (more than 50%). For the visible parsing it up by chunks of years given satellite
objects, record if the satellite of the day variability

correctly identified significant flooding in

YW @cloudastreet é'-’ﬁ? Cloud to Street



A

W

insurance

rescue

forecast

Correctly Identify Dry
(less false positives)
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Flood map science to decisions

Algorithm
Developed

Flood protection
decision from flood
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Impfondo, Congo, November 2017, 5,500
. people need food aid
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https://congo-flood-monitoring.cloudtostreet.info/recent-data

Aid took 3 weeks- because impact was unknown

o-flood-monitoring.cloudtostreet.info/recent-data



https://congo-flood-monitoring.cloudtostreet.info/recent-data

But high res optical (1.8m)

\
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https://congo-flood-monitoring.cloudtostreet.info/recent-data

Gambia Story

- Picked up lots of seaonsal flooding (great!)
- But nothing that the government cared about (where people live)

YW @cloudzstreet g'g% Cloud to Street
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