I* . Agriculture and Agriculture et
Agri-Food Canada  Agroalimentaire Canada

and Develaament at AAFC

Heather McNairn*, Jarrett Powers, Jiali Shang, Amine Merzouki, Anna Pacheco,
Thierry Fisette, Grant Wiseman, Saeid Homayouni and Mehdi Hosseini

*Science and Technology Branch, A griculture and A gri-Food Canada Canad“l

heather.mcnairn@aagr.gc.ca



mailto:heather.mcnairn@agr.gc.ca

SAR Applications at Agriculture and Agri-Food Canada

- SARisplayinganincreasingrole in agriculture monitoring

- Decadesofresearch using airborne systems and ground based
scatterometers are now paying dividends, coupled with
unprecedented engineering advancementsin space-borne SAR

« Annual Crop Inventory
Status: operational

« Crop Condition Assessment and Phenology Determination
Status:research

 Soil Moisture Monitoring
Status: pilot

RADARSAT—Q
Canadian CV-580 SAR ‘ S

CCRS Scatterometer




Crop Inventory

e Operations: Current crop inventory for Canada uses optical
sensors, and integration of RADARSAT-2 (VV,VH); method based on

supervised classification (Decision Tree)

» Research: Scientists have clearly proven that once users have
access to multi-frequency SAR, operationally, a SAR-only solution is

possible
* eliminatesoperationalburden of cloudremoval

* SAR mitigatesrisks in delivery of products due to interference by

cloud cover
* automation of ortho-rectification of SAR(using satellite ephemeris

data) is now possible
* pre-classificationimage processing of SAR (mostly filtering) is easily

automated

« Research: Has also demonstrated that polarization diversity is
critical and the best results are observed using full and compact

polarimetry




2013 National Crop Inventory
- Completed by Earth Observation Unit

RADARSAT-2 usage
Several years of research (2004-2006) (by AAFC Research

= RADARSAT-2

Branch)on 5 sites across Canada ensured that method was 5 ‘ ',

robust and repeatable over different cropping systems. & -
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Next Generation Products - Research

Early season crop identification Multi-frequency SAR-only
classification

Aot I Forest and other permanent vegetation

I oeveloped
[ Pastore-Forsge
| corn

[ soybean

0 07515

T

End of season TerraSAR-X crop . .:‘i =
classification: Ottawa 2012 e
Overall accuracy: 97.2% = ECNE B

Early season: Corn can be identified at
Vé or 6thleaf collar stage (about é weeks
after planting)

X-, C-and L- Band: Carman 2009
Overall accuracy: 91.4%

McNairn, H., Kross, A., Lapen, D., Caves, R., and McNairn, H., Shang, J., Jiao, X., and Champagne,

Shang J. 2014. Early season monitoring of corn and T 7
soybeans with TerraSAR-X and RADARSAT-2, C. 2009. The Contribution of ALOS PALS AR Multi

International Journal of Applied Earth Observation and

polarization and Polarimetric Data to Crop
~ Geoinformation 28 (2014) 252-259. S U Al A A
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SAR - The Brave New World

Classification Using Full and
Compoc’r Polorlme’rry

Polarimetric Change Detection
- Wlshor’r Chemoff Dls’ronce -

Accuraciesin descending order :

Fully polarimetric

Compact polarimetric

Polarization diverse (VH, then VV, then HH)

McNairn, H., and Shang, J. 2013. Evaluation of C-Band
Polarimetric Synthetic Aperture Radar for Crop

Classification. In Principles and Applications of PollnS AR, .

European Space Agency (ESTEC), Noordwijk, The Manitoba -2012
Netherlands, in press. Chonge from June 13—Ju|y 7
Charbonneau, F.J., Brisco, B., Raney, K., McNairn, H.,

Liu, C., Vachon, P.W., Shang, J., DeAbreu, R., Source: Mohammed Dabboor (EC)
Champagne, C., Merzouki, A., and Geldsetzer, T. 2010. and Brian Brisco (NRCan)

Compact Polarimetry Overview and Applications
Assessment, 36 (Suppl2): $298-S315.

Linearly polarized



http://en.wikipedia.org/wiki/File:Circular.Polarization.Circularly.Polarized.Light_Right.Handed.Animation.305x190.255Colors.gif

Monitoring Crop Condition

* Crop condition determination

* temporaltracking of changesin crop condition
 quantitative estimation of productionindicators such as Leaf Arealndex and biomass
* identificationof crop phenology andrisk factors for crop disease

CV-580 June 28, 2000 (SK)
Impact of saturated soils on wheat and
barley development
(causes oxygen deficiency in soil and loss of
N due to denitrification and leaching)

CV-580 June 30, 1999 (ON)
Agreement between wheat yield monitor
data and SAR response

[ Area of Agreement (Higher Yield) .
[] Area of Agreement (Lower Yield) ]77/5
[ ‘Error" (omissionfcomission) 23%

McNairn, H., Hochheim, K., and Rabe, N. 2004.
Applying Polarimetric Radar Imagery for Mapping
the Productivity of Wheat Crops, Canadian
Journal of Remote Sensing, 30 (3): 517-524.




Temporal Crop Condition Monitoring

Temporal tfracking of crop development using RADARSAT-2

(alpha angle)
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Homayouni, H., McNairn, H., Wiseman, G., Shang, J., and Powers, J. Time

Series Analysis of Synt hetic Aperture Radar Polarimetric Dat a for Agricultural

Crop Monitoring, inreview.

* Most nations monitor crop condition using temporal
sequences of optical indices, usually NDVI

« Cloud cover necessitates temporal compositing to
remov e clouds with the result being weekly or 10-day
NDVI products

ROl fzgitemna  Agrcutre s

AgrFood Canads  Agroalimentare Canada

Canada

Weekly NDVI Difference from Normal (Anomaly)

Typical MODIS-derived weekly NDVI product
fromm AAFC EO Unit

» Research using RADARSAT-2 is demonstrating that
some radar parameters (HV intensity and
decomposition parameters) track crop growthin a
similar pattern as that observed from optical indices
such as the Soil Adjusted Vegetation Index (SAVI)

e

augment or eventually replace optical

g .\,;



Estimating Dry Biomass

Correlations between RADARSAT-2 and crop dry biomass

SAR Parameter C(:::g i? (r?:lron7) S(?]itz)ig;
HV 0.645 0.824 0.785
VOL 0.575 0.768 0.807
ENT 0.806 0.838 0.665
APH 0.803 0.833 0.662

+ Above ground dry biomass is a strong indicator of
crop production

« Some radar parameters (HV intensity and
decomposition parameters) are strongly correlated
with biomass

* Inaddition, there are indications SAR responds to

RADARSAT-2 response to canola pod

development (top) and flowering (bottom)

HV Backscatter (dB)

g

o crop phenology stages 61-67

o

200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400

Dry Biomass (g/m2)

crop conditions indicativ e of yield potential and
disease risk

+ canola flowering and pod development
* height of corn
+ density of soybeans

« progression of wheat to milking and
dough stages

Wiseman, G., McNairn, H., Homayouni, H., and Shang, J. RADARS AT-2
Polarimetric SAR Response to Crop Biomass for Agricultural Production
Monitoring, IEEE Journal Of Selected Topics In Applied Earth Observations And
Remote Sensing, in press.




Crop Condition: Leaf Area Index

5 Corn, HV and LAl 8 Soybean, HV and LAI . . . L. .
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Backscatter coefficient (power) Backscatter coefficient (power) Liv, C., Shang, J., Vachon, P., and McNairn, H. 2013. Multi-year crop monitoring

using polarimetric RADARS AT-2 in |EEE Transactions on Geoscience and Remote
Sensing, 51(4):2227-2240.

Correlation between RADARSAT-2 backscatter

X., McN H., Sh Pattey, E., L dCh 2011.Th
and LAl of corn and soybeons Jiao, cNairn, H., Shang, J., Pattey, iu, J., and Champagne, C. 20 e

Sensmvn‘yof RADARSAT 2 Polarimetric SAR Dcn‘a to Corn and Soybean Leafr —_—




Estimating Leaf Area Index from RADARSAT-2

RS2 derived LAl map on June 24th

R Legend

SAR modelling with Water Cloud Model

exp(—2BL/cosb)

LAI

o® = AL® cos O(1—exp(—2BL/ cos 8)) +

SOI

Total backscattered by the whole canopy (o°) at incidence angle (8)

8

Crop_Type

0 E 2 Barl
O = AL" COSO(1-7°) O ot =C+ DM, e
Vegetation component Soil component Inver5|on of WCM using RADARSAT—2 entropy

2 —exp(—2BL /cos 6) and ancillary soil moisture
12 is the two-way attenuation through the canopy layer § ibeant, Conto ponts 43 pornt) 1 Soameans, Creck ponts B2 pon)
L is the LA, expressed in (m2m-2) e e
A,B,C,D and E are model coefficients defined by experimental data (A,B, E 207 %0
depend on canopy type) goe goo
c 05 = 0.5
i 0.4/ § 0.4
» the parameterization of C and D, as determined by Jiao 5o 3os
etal. (2011), was used (only one soil moisture station). - zj
* remaining parameters (A, B, and E) simultaneously o = - ol = -
determined using a nonlinear least squares method in the Polazaton Polaraation
Carn, Control points (23 points) Wheat, Control peints (17 points)

Matlab Curve Fitting Toolbox 1 1

0.9} | —*—WCM-Ulaby 0.9} [—*— WCM-Ulaby
=-&- WCM-Oh =-£F- WCM-Oh




Deriving Indicators of Crop Disease Risk

. , . . . RADARSAT-2
« Canola is susceptible to a host of diseases and infestations N
ST SIS
- . s P &
« Sclerotinia stem rot affects canola when the cropis in bloom, AR S S R\
reducing vyields up to 50% 7 9
2 40 -
+ Canola is also susceptible to insect infestations at the pod stage 3 3 -
@
=] ]
+ |dentifying fields at risk requires knowledge of meteorological and g @
. . oy . . (1]
soil moisture conditions, and information on crop phenology < 10-
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. O @ .
> 6\(\Q \$Q’Q <z,66 Q\QQ
& e &
o 3
B 30
8 25
€ 20
2
g 15
210
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Aperture Radar, 3-5 June 2014, Berlin, Germany.



Soil Moisture

2001-02 drought: cost the Canadian economy $5.8 billion

2010 excessive moisturein Canadian Prairies: reduced productive
capacity of over 15 milion acres, affecting 30,000 producers,
resultingin productionlosses of more than $2.4 billion

2014: Close to 100 communities in Manitoba and Saskatchewan
flooded; 400,000 hectaresof farmland left unseeded (estimated).
Manitoba declares state of emergency.

Response
Fed-Prov Programs for Agricultural Production Losses

2011-12:> S420M* spent by Agri-Recovery on climate related
disasters mostly related to excess moisture. In addition, $895M
spent on Crop Insurance programs.

2010-11:> S400M spent by Agri-Recovery on climate related
disasters. In addition, $767M spent on Crop Insurance programs.




Soil Moisture Estimation with SAR

AAFC Research focused on pre-
planting and post-harvest (without
significant vegetation)

Current method has been tested
over multiple years and is now being
piloted in Manitoba

What about moisture under
vegetation?

« Longerwavelengths offerbest
option

« De-coupling of surface from
volume scattering

« “Simpler” scattering models like
WCM

More complex forward scattering
models with crop specific LUTs

Measure absolute soil moisture at
regional and field scales using SAR

Products identify impact at farm level

RADARSAT-2

Moisture Value

:fA-_m;in.e Merzouki/Jarrett Powers



Soil Moisture Estimation Using RADARSAT-2 and
IEM Model

Inversion Schemes:
AM image (HH1,vV1) >Multi-polarisation:

»>Multi-angles:
* HH1-HH2
* HH1-VV2
*VV1-VV2

PM image (HH2,VV2) *VV1-HH2

——>| |[EM/CIEM <&——

>Hybrid:
* HH1-VV1-HH2
* HH1-VV1-VV2
* HH2-VV2-HH1

< . HH1-VV1-HH2-VV§>

Inversion Method Cost Function
Multi-polarizations A= ( 0 —o? )2+( ° o )2
p =\ \Oun1, Meas ~ O HH1, CIEM Owi1, Meas — Ow 1, CIEM
H b d A_ ( 0 _ 0 )2+( 0 _ 0 )2+( 0 _ 0 )2+( 0 _ 0 )2
ybor =\ \Ohh1 Meas ~ O HH, IEM O hH2, Meas ~ O HH2, IEM Owi1, Meas ~ Owi, IEm Oz, Meas ~ Owz, IEM

Merzouki, A.,, McNairn, H., and Pacheco, A. 201 1. Mapping Soil Moisture Using RADARS AT-2 Dat a and Local Aut ocorrelation Statistics, Journal of Selected Topics in Earth
Observations and Remote Sensing, 4(1): 1-10.

Merzouki, A.,, McNairn, H., and Pacheco, A. 2010. Evaluation of Radar Backscatter Models over Agricultural Fields: Validation usingPolarimetric C-band RADARSAT-2 SAR Image
Data, Canadian Journal of Remote Sensing, 36 (Suppl.2):S274-5286




Soil Moisture Calibration/Validation
Real-time In-Situ Soil Monitoring for Agriculture

- RISMA -

Traditionally validationinvolves sending teams of 2
to measure soil moisture +2 hours of acquisition.

To coverenough fields, crews of 8-20+ are needed.

Soil moisture research and
operations has migrated to
use of in situ networks to

. assist in calibration and

v alidation.

Includes cal/valfor both
SAR soil moisture products
and passive microwave
operational products (SMOS
and SMAP)

RISMA will be one of NASA's
core cal/val networks for
SMAP active-passive




RISMA

RISMA consists of 3 networks: two in western

Canada and one east of Oftawa « Soil moisture measuredin triplicate at: 0-5, 5,
7 R ; - 20, 50, 100 cm

+  Meteorologicalmeasurements:soill
temperature, precipitation, air temperature,
relative humidity, wind speed, wind direction

VAR =

5om O Q O rDrrO
20 cm O O O
50 cm O O ®

4 Statnons Regina o \.‘Jlmi,u g

- 3 : MB Network o ;
; %wi—‘im 12 Statlons ggt:::‘t)v:zrk
SK Network (o -
e p . ,\ . 100 cm O O O

o Stations are at edge of field, but probes
cabled 10-30minto field

:—rt e Siteis hand-seeded as per crop plantedin
f field
|

Regular maintenance/spraying



Home Login Browse Networks Data

Ge@CENS
Agriculture and Agri-Food Canada

Data Access

Data are recorded every 15 minutes, quality
checked and calibrated, then distributed every
hour

Real-time In-Situ Soil Monitoring for Agriculture
(RISMA)

About :
Will be accessed by NASA forcal/valof SMAP 4 i i o 0 el et et . |

biogeochemical processes that impact soil fertility and determines

active and passive microwave operational boundary Ly conditon that drive prcesses. In 2010

and 2011, Agriculture and Agri-Food Canada (AAFC) with collaboration

prod U C-I-S from Env Canada, thres in situ

networks near Kenaston SK, Carman MB and Casseiman ON as part of :

the Agriculture Env Sy (SAGES) project
titled Earth Observation Information on Crops and Soils for Agri- o
External Users Environmental Monitoring in Canada. The near real time in situ soil r and precipitation data from these three
GeoCENS Network networks are used to calibrate and xahdate remote sensing and modelied soil mors[ure products. By 2014, most of the in situ
stations in the chewan and will be i i with ical sensors to complement the

Nipissing University existing data with air temperature, relative humidity, wind spsed and wind direction. For more information, click here.
Acknowledgements: AAFC acknowledges the land owners for permission to use their land for stations and surveys; Environment
Canada for site site collaboration and technical support; University of Guelph and University of Manitoba for technical
support; University of for site and University of Calgary for web site support.

Browse

Click on the Browse Button or the Browse Tab above for an
interactive map of the network station Jocations and to view
lgraphs of current and past data, click on the station of interest.
Data can also be viewed and downloaded by clicking on the Data
tab above. Sign up and log-in to download data series. For more
detailad information about the data and the network stations,

click here.

AAFC Network

Firewall

I

Adcon AB50  Campbell

Gateway LoggerNet .

Goto Browser »

A2A

o MEBE
Processing
and Storage WhmMs1
Storage Server Internet
Server

6 . Explore Networks

In-situ monitoring networks with near-real time soil moisture, soil
temperature and meteorological dats have been established in
Saskatchewan, Manitoba and Ontario to capture conditions for the
. main agricultural crop types, soil textures and ecozones in Canada.
B The data can be used by local producers for day to day operational
decisions or for scientific verification and calibration of remote

sensing p 7 flood g and drought
—— monitoring.
~ -
-
g View Networks »




Validation of IEM Soil Moisture Estimates Using RISMA

McNairn, H., Merzouki, A., Pacheco, A., and Fitzmaurice, J., 2012. Monitoring Soil Moisture to Support
Risk Reduction for the Agriculture Sector Using RADARS AT-2 in IEEE Journal of Selected Topicsin
Applied Earth Observations and Remote Sensing, vol 5(3):824-834.

Errors Statistics — Hybrid Model
2011-2012

RMSE (%) | MAE (%) R
4.82 3.45 0.85
Time series of soil moisture from an eastern
Canada in situ station and estimated soill
moisture by RADARSAT-2 (red dofts) co%
Station 1 - Real Dielectric Constant - 5cm (FQ5) g e
50 ; g 60%
s ~ April 17 i 2 .
/ e £ 50% % s -
40 - ® FQS5ADielec_MEAN 3 by
3 A ’A\ ,\ _g 40%
s M ANAA A Ra A 2 %
s VWY NN W g o
g% June # 2 353
VON WS // 2%
AV
1 %_g 0%0% 10% 20% 30% 40% 50% 60% 70% 80% | "
B 2P Measured soil moisture (%) :




From Research to Implementation
- The Soil Moisture Toolkit

[——“‘—“"]nummr—“_“‘“‘[ """""""""""""" Data Pre-processing ¢ [ Dsalagest_|
‘ [Viasking | I'-'MCW“ I

Research: AAFC,Science and Technology
Branch (Ottawa and Winnipeg)
10+ years of research

Speckle Filtering

SOIL MOISTURE MAP
: E
2
2
Real Dielectric Constant Map

Funding: Canadian Space
Agencyand AAFC _J

Industry Support (software engineering): M [—
Armray Systems ComputingInc.
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AAFC Soil Moisture Monitoring System (AAFC-SMMS)

MoNITORING PLAN

Data AcQuisiTION PROCESSING

How IS THE
MONITORING SYSTEM
INITIATED?

WHO? WHicH
USERS/COLLABORA-
TORS/CLIENTS SHOULD
WE CONSULT?
- AAFC RESEARCH
- NAIS

- PROGRAMS

- Poucy

WHERE? WHICH
REGION TO MONITOR?

WHEN? WHAT TIME
OF YEAR SHOULD THE
ACQUISITION PLANNING
BE DEVELOPED FOR?
THIS WILL VARY BASED
ON REGION.

How MANY? WHAT
MONITORING
FREQUENCY IS
REQUIRED?

GENERATION

AND DISTRIBUTION

USING THE
RADARSAT-2
TooLBOX:

DEVELOP PRELIMINARY
RSAT-2 Data
AcquisITioN PLAN

LATE WINTER/SPRING

i
Setup ABOVE FREEZING
TeEMPERATURE FLAG
(usinGg IN-SiTu OR

RSAT-2 EC DaTA)

SATELLITE ] ImpORT RSAT-2
PROGRAMMING ) Data

SuBMIT RSAT-2 DATA PRE-PROCESS RSAT-2
PROGRAMMING TO DatA
EMOC = CALIBRATION
SETUP FLAG FOR = FSPECKIE —
Maximum VEGETATION | FILTERING |
CoVeR THRESHOLD = ORTHORECTIFICA-
(using FREEMAN-
DURDEN) L)

EMOC:
RSAT-2
SATELLITE
DECONFLICTING

0) RING! RUN SOIL MOISTURE
FinAL RSAT-2 DaTa MobeL on RSAT-2
AcQuisITION PLAN DATA
LATE SUMMER/FALL = MODEL

INVERSION

Ser Vaupity
RANGE
(THRESHOLDING)
DIELECTRIC
MODELLING
(INGEST soILs
DATA)

Lanp Cover
MASKING

FLAG ERRONEOUS
OR MISSING
PIXELS

PRELIMINARY SOIL
MOISTURE PRODUCT

RSAT-2 Setup FLAG FOR
SATELLITE Minimum VEGETATION
DATA CoVER THRESHOLD
AcQuISITION (USING CROP CALENDAR)

AND DELIVERY
Serup FLAG FOR
PRECIPITATION AT TIME OF
Acauisimion (AM/PM)

Serup ABOVE FREEZING
TeEMPERATURE FLAG
(usinG In-SiTu OR
EC Data)

UPLOAD FROM

NEODF anD

(SHORT-TERM)
ARCHIVING

PRELIMINARY SOIL
MOISTURE PRODUCT

MaAP STANDING
WATER
(using RSAT-2
THRESHOLD)

I DaraPosr- |
FILTERING (MODE,
I mepian, or |
LSEGMENTATION) 1

FiLL DATA GAPs
(ERRONEOUS OR
MISSING)

Abpp AAFC
Lanp Cover

FINAL SOIL MIOISTURE
PRODUCT

DATA DISSEMINATION

DIGITAL
PRODUCT

TRADITIONAL
MAP PRODUCT

I Probuce AAFC 1
| TempLATE Map

DATA DISTRIBUTION

AAFCAGS

CCMEO

FROM THE CORNER
OF OUR DESKS?



Forward Modeling for Soil Moisture Retrieval

FARO scannerre-creates crop 3-D

Allows detailed crop geometry
measurements

Needed for forward modeling of
scattering models to retrieve soil
moisture (NASA’s approach for

.....


http://www.google.ca/url?sa=i&rct=j&q=&esrc=s&frm=1&source=images&cd=&cad=rja&uact=8&docid=6SBhm2HDVfu9gM&tbnid=U046i2B8O3ozwM:&ved=0CAUQjRw&url=http://www.faro.com/&ei=Y5C-U-bjHZOzyATGoYKQDQ&bvm=bv.70138588,d.aWw&psig=AFQjCNHfM4XYV5oXwa_WtB9dSmbZZxbUFA&ust=1405084050083384

Summary

AAFC has moved some applications towards operations (crop
inventory) with others soon to follow (soil moisture)

Researchisreporting sensitivity of SAR to crop condition (viatemporal
monitoring or estimating crop production indicators such as LAl and
biomass); methods to invert SAR response to estimate LAl and
biomass underinvestigation

Note: AAFC has beenrequested by the NASA SMAP cal/valteam to
lead a second field experiment postlaunch (SMAPVEX16)




Where do we go from here

1. Action to get the “easy” wins out the door while the science continues on more
complicated requirements, and on improving existing methods.

«  What could be an “easy” win¢
— Integration of C-Band and optical (perhaps Sentinel-1(VV+VH) and Sentinel-2) using same/similar
approach as AAFC for large crop area mapping
— Methodis robust and can use data from new sensors (RCM) once av ailable

— Integration of multi-frequency (RADARSAT-2/Sentinel-1 and/or ALOS-2 and/or TerraSAR-X/Cosmo-
skymed) forregions where smaller SAR swaths do not limit mapping

« Soil moisture could be next, but still need to gain more confidence in results
(Canada, Argentina, U.S....others); howeverwe are very close to being able to
implement. As long as errors are well understood. Methods can be highly

automated.

2. quqcﬂy building and mentoring

Jumping from optical to SAR is not easy and should not be underestimated; a lot can go wrongif data
planning and processing are not done properly
— Weneed to transfer our knowledge and methods and this will take a committed and concerted effort

— Equally important, we need to understand the requirements of user community
— Whatis the best mechanism to mentor




