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NatlonaI-ScaIe Operational I\/Ionltorlng at AAFC

0 Decades of EO research have led to the development of innovative agricultural
monitoring capabilities that are, or close to being operational.
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landscape and the current state and changes in this landscape and in production.

2010 2015 2020 2025 2030
Crop Condition National surface Canadian Crop Fractional residue cover and mass
Assessment soil moisture Yield Forecaster Tillage practices
Annual _ Winter cover / Cover crops
SpaceBased Crop Semidecadal LU Rotation patterns Small features and their change
Inventory time series Land use change Seeding / harvest monitoring

Biomass / Biophysical variables
National Grassland Inventory

C fluxes from new mission data
Crop damage, disease and pests.

What we currently do (operational, based on historic and current monitoring needs) health and productivi
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Crop Growth Stage

Crop Condition

Soil Moisture

Soll Salinity

Flooding

Soll Properties




_Legend

Annual Crop Inventory 2022 Fallow W Camelina Potatoes
A I ( I \Vater Barley Canola BN sugarbeets
n n u a. ro Millet 1 Flaxseed Herbs

I Barren

I nve ntor I urban Oats Mustard Buckwheat
y Greenhouses Rye B sunflowers BN canary_Seed
Shrubland Spelt " Soybeans B Hemp
I \Wetland Triticale B other_Peas I rorest_Coniferous
Grassland Quinoa Chickpeas B Forest_Broadleaf
Forage_Crops - Winter_Wheat - Other_Beans - Forest_Mixedwood
[ Too_Wet_to_seed W Other Wheat I Fababeans

Corn B Lentils

R
~Jd-'\,!

A National coverage since 2011 at 30m resolution |
A Uses multitemporal, multispectral EO data, field observations and a "
decision tree learning model
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A New processing system online since 2022 can handle larger data volumes
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2024 Annual Crop Inventory of Cana



AConsistencyulesappliedto 2009 2023
AnnualCroplnventory to facilite
modelling

A Someclasses argeneralizedn someareas

andsomeyearsdue to alackof adequate
training data

AModel croprotations toclassifyinto
carbonsequestrationcategoriés

AForecasnexté S | caf@asedon
previoushistory
A Preliminary model has 82&ecuracyfor

singlecroppedfields, 66% forfieldswith
multiple crops
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Decades of R&D Demonstrating value of SAR in Crop

Inventories
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General Conclusions

A SAR adds value to multispectral crop
inventories, particularly when there is
insufficient cloud free optical data available
(less than 3 images per growing season or |z
of data at key growth stages)

A GBand SAR data alone can achieve accura
comparable to optical data when dense time
series are available (10+ images)

A Multispectral, Compact Polarimetric data
Improves accuracy of SAR only classificatior

A Data processing: larger window speckle filtes
(smallest size is 7x7) improve accuracy but
selection needs to reflect fields sizes

A Applying noise reduction before terrain
correction does not impact accuracy but doe
reduce processing time
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Image Data '

2011 2012 2013 2014
B RSAT2
m DMC
= Landsat-5
M Landsat-8

764 Scenes 1448 Scenes 1228 Scenes 1295 Scenes

A Accuracy of annual crop inventory depends on acquiring image data at the right time
to separate crops (typically during reproductive growth phases)
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A Accuracies decrease significantly when gaps in data collection occur ;
A Some crops are better classified with SAR Deg6tatoes, Soya)

A SAR data contributes to class separation in agricultural regions with higher crop
diversity

Richelieu River, Quebec
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Central Prince Edward Island



RCM Operational Coverage Over LLa
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MLOPANE 1O requInerenty

A30 m Compact Polarimetric
(CP) mode with 125km
swath width

ACP is implemented on RCN
as a righthanded circular
owl/ 0O UN}yay
polarizations recorded
coherently on return
(circulartransmit and
linearreceive or CL)

AMaritime regions and Great
Lakes have less consistent
coverage than inland areas
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RCM Coverage Over Canadian Agriculture Regions
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A Advantages:
A RCM can fill cloud gaps in certain regions but optical data are the main source of data used in ACI production;
A The SAR toolbox facilitates the use of data.

A

A Disadvantages:
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acquisitions;

Currently, effort required to integrate RCM data systematically across the country is high dueggstematic acquisition pite over land
A Improvement with a 12 day coverage over land, but this is not consistent nationally

RCM coverage is not uniform across the country BC, Prairies have reliable coverage, marine adjacent area often havgajo covera

Data gaps due to conflicts with other users;

Fragmented acquisitions (small sections of images along path) are numerous and make working with RCM data complicated.

When field data (training sites) are limited, adding a few RCM dates to optical data can degrade the accuracy of thertapsatic
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Operational Challenges of Inconsistent RCM Scene
Coverage for Agricultural Land Cover Classification

AScene Fragmentation

Alnconsistent acquisition timing of
partial scene coverage
Al yQi 6S Y2alAOlSR
complete scene due to difference in
timing

May 04, 2024

July 11, 2024

Standard RCM Scene AOIs over Prince Edward Island
illustrating inconsistent spatial coverage for the 2024 growing
season; Relative orbit 27




Value ofCompact Polarimetric Data for Cp
Classification

Dingle Robertson, L. H McNairn, X Jiao, C McNairn, SO lhuoma, (2022yjonitoring crops using compact
, Canadian Journal of Remote Sensing 48 (6), 79813

polarimetry and the RADARSAT constellation mission

O dead plants; not harvested

(Percen

early pod development

Degree of Polarization

O late seed ripening
O dead plants; not harvested

harvestea

AParameters derived from these
CP Single Look Complex (SLC
data included the four Stokes
][oarameters (SO, S1, S2 and S3
hree components of the rehi
decomposition (surface, double
bounce and volume scattering)
%Q/O)I backscatter intensities (

AParsing the polarized and
unpolarized contributions from
Stokes Parameters revealed
that as the canopies developec
significant structure, more of
the scattering was returned
unpolarized.



Reliability of Sentinel

Agricultural Lands

S1

RCM
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A Sentinell Coverage is reliable nationally over all agricultural regions of
Canada

A VM:VH mode is suitable for a range of vegetation monitoring applications
and provides dense temporal coverage needed for high accuracy crop
classification in absence of optical data

A Coverage of Sentindl optimal for SARNly or SAR essential activities
such as tillage/harvest monitoring and grassland inventories

Test Area for Western Prince Edward Island




JECAM SAR Inter-Comparison Experiment
polarization C -band SAR and optical EO data

Completed EO and field data pre-processingand distribution for 13
JECAMitesincludingGeorgialowa, Michiganand North Dakota

DecisionTree and RandomForest classificationson all 13 sites with 6
variationsof SARonly, SAR/opticaimagerycombinationsand optical only
data

Most classificationavere over 85% overall accuracyeven SARonly data
stacks lower resultsrelatedto rarer croptypes,andissueswith field data

Paperon DataProcessing

DingleRobertsonL., A. DavidsonH. McNairn,M. HosseiniS Mitchell, D.
DeAbelleyra S Veron,M.H. Cosh (2020 SyntheticAperture Radar(SAR)
Image processingfor operational spacebased agriculture mapping,
InternationalJournalof RemoteSensingtl (18), 71127144

ComparativeCroplnventories

DingleRobertsonL. A. M. DavidsonH. McNairn,M. HosseiniS Mitchell,
D. de Abelleyra S Veron Guerric Le Maire, Milena Plannells Silvia
Valero, Nima Ahmadian, Alisa Coffin, David Bosch, Michael H. Cosh,
Bruno Basso,Nicanor Saliendra(20200 Gband synthetic aperture radar
(SAR) imagery for the classification of diverse cropping systems,
InternationalJournalof RemoteSensingtl (24), 96289649

A Presentationat IGARS8019¢ Yokohama,Japanon the classificatiorresultsusingonly
dense Gband SARdata stacksoUsing DenseTime-Seriesof Gband SARImagery For
Classificatiomf Diverse WorldwideAgricultura € a G SY a €
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JECAM Network of 50 Participating Sites

Results for Canadian and US Optimum Optical & SAR Data
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85%
accuracy
threshold

)



Grasslands Mapping

ANationalgrasslandnventory
for the Canadian Prairies has
beendevelopedfor 2020

A Grasslandystemsshowhigh
temporal and spatial
variability comparedto annua
crops usingdense timeseries |
(multi-temporal, multiseason | A
of Sentinell and Sentine?
data to capture key
phenologicaphases

ASAR data provides key
Information on plowing deptf
that can separate long term
native species from manage
grasslands/forages, B g
particularly in dry ecoregions R

Calgary
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Tillage Estimation (R&D) Work led by Dr.

ATillage Heather McNalirn
A Usecoherentchangedetection from Synthetic cersssatsnssssddiiitaniiiisssstaaiiiiigtss
Aperture Radar (SAR) identify tillage events(ie soll i e

disturbance

A The combination of RCM com pagudl CH and CV Sel’VEh
to reduced coherence noise, giving better coherence ™
contrasts at low coherence Ievels resulting in a highel . S . Y .
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Corn Harvested

A Possibility to uselerts from multiple SAR systenin AR sl
combination to increase reliability of estimates
(TerraSAK, PAZ, Sentindl RCM)

A Polarimetric parameters used to decouple harvesting
from tillage

A Currently testing alert system on Amazon cloud at
regional to national scales (weekly alert at field level)
with Sentinell data

A Combine with residue data from optical sensors to
estimate conservation tillage practices

M Sept.12 -Sept.24 Sept.24 - Oct. 6 | Oct.6- Oct.18 W Oct.18 - Oct.30
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JECAM SAR Inter-Comngaag
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rop type mapping ing coact

Carman, Manitoba
2016 MultiHfrequency

Completed initial Random Forest importance testing on compact SAR image and
polarimetrydatavariables classification results
A 42 compactpolarimetry parametersper date of imageryacquiredin
2018 were generatedfor 17 JECAMsitesincludingfor Georgia lowa, | RADARSAT-2
Michiganand North Dakota TerraSARLX

. 2016 -07-26 VV

ALOS-2/PALSAR-2

MULTHFREQUENGAR 2016-07-03 VH

Acquiredvariationsof G, X-, andL-banddataoverapproximatelyd JECAM
sitesincludingGeorgiaand North Dakotafor 2019

. : . . 2020 expected continuous
A Preprocessing testing for CSA/JAXABilateral and JECAM Multi- coverage SAR: & L-band

FrequencySAR2019

A 2016 CarmanManitoba data setincludedJuly& AugustRADARSAT, 100,0
TerraSAR and ALOS/PALSAR images further testing with 2017 . 6-Classes m 14-Classes
data '

A L D. Robertson,A. Davidson,H. McNairn, M. Hosseiniand S Mitchell,
"Assessmentof Multi-FrequencySARfor Crop Type Classificationand
Mapping,"IGARS3019- 2019 IEEHnternational Geoscienceind Remote 85, | | |
70,0 I
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o

Sensing Symposium, Yokohama, Japan, 2019 pp. 489492 doi
10.11091GARS20198898006
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