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Topic 1 of the Dragon4 project 1D32275

Algorithm Development Exploiting Multitemporal and multisensor
Satellite data for improving crop classification, biophysical and
agronomic variables retrieval and yield prediction (ADEMS)

WP1: Crop classification

WP2: Retrieval from optical and SAR data
WP3: Defining errors and uncertainties
WP4: Data assimilation into crop models
WP5: Crop yield and quality estimation
WP6 : Core field validation
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Maccarese test site Central Italy

Large private farm 3200 ha flat coastal area
 large fields (15 — 100 ha plots)
O precision farming equipment

Grain flow sensor . . = ¥ — |
Precision Farming | = = ===

desktop software Combine harvester on-
i board computer

Data logger

Tay
g
L

Antenna DGPS H » le\ B
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Maccarese test site Central Italy

Durum wheat

Winter wheat

Maize

Alfalfa

Ryegrass
: Triticale
-. - Barley
4 Rapeseed
Broad bean
Pea

S

Carrot

Potato
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Maccarese 2015 satellite images dataset
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03,11, 23,27 7,12, 19 28 6 11,13,
27,28
28 11,18, 27 23 24
Mar. 08,16, 24 9,31 18 23 13 3,20
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May 03 month 11,13, 18, 11 14, 30 7
22,27, 29
June 20 2,10,17, 3,10, 30" 30
24,29
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Total n. 12 23 10 (5) 6 1 2
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Maccarese 2015 ground data

Li-Cor Plant Canopy Analyzer
LAI-2000, chlorophyll (Dualex),
biomass
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Wheat yield ground data from combine harvester
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IMAGES SET:
Rapideye_2015-02-28
Rapideye_2015-03-18

‘_(gvﬂgﬂc Classification Q

Classification of land was done using:
- 10 images RapidEye (free clouds);

- Field data provided by the Maccarese farm Rapideye_2015-04-01
Rapideye_2015-05-11

Four types of crops were identified: Rapideye_2015-06-03
-Winter crops Rapideye_2015-06-10

-Summer crops Rapideye_2015-07-05

Rapideye_2015-07-15
Rapideye_2015-08-29
Rapideye_2015-09-10 ‘N\

-Pastures
-No cultivation.

Subsequently, 6 other classes of coverage were identified in the |jGegena
study area: Forest, Sea, Swamp, Beach, Urban and routes, o
Intensive cultivation. N
Supervised classification of Maxima Likelihood was carried out. o
Identified ROl were used for classification and quality .
assessment —
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Classification

The confusion matrix was computed.

Overall Accuracy: 98,86%
Kappa Coefficient: 0,9678
Ground Truth (%) Total
FOREST WINTER CROPS | SUMMER CROPS SEA NO CULTIVATION SWAMP PASTURE BEACH URBAN & ROUTES [ INTENSIVE CROPS
FOREST 97.86 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.00 0.00 2.62
WINTER CROPS 0.14 97.61 0.02 0.00 6.19 0.00 1.04 0.00 0.00 0.00 4.72
SUMMER CROPS 0.00 0.00 91.13 0.00 0.81 6.09 0.00 0.00 0.00 0.00 2.58
= SEA 0.00 0.00 0.00 99.93 0.00 0.00 0.00 0.00 0.00 0.00 79.87
E\; NO CULTIVATION 0.37 0.00 0.00 0.00 81.50 13.25 0.08 0.00 0.00 0.00 0.60
f_u'@ SWAMP 0.00 0.00 0.00 0.00 0.00 66.03 0.00 0.00 0.00 0.00 0.32
PASTURE 0.00 1.30 0.00 0.00 5.54 0.00 89.66 0.00 0.00 0.00 1.81
BEACH 0.00 0.00 0.00 0.01 0.00 0.00 0.00 92.67 0.00 0.00 0.61
URBAN & ROUTES 0.06 0.00 0.00 0.06 0.00 0.75 0.27 6.45 89.90 0.08 1.32
INTENSIVE CROPS 1.57 1.09 8.85 0.00 5.95 13.89 8.92 0.88 10.10 99.92 5.55
Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
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Classification

=esa

Clump filters were applied to crop classes to improve visualization.
Classes of interest: winter crops, summer crops, pastures were exported as
masks.

A following supervised classification of maximum likelihood was applied to
identify the types of crops within each class:

-Winter crops: Durum Wheat, Soft Wheat, Triticale, Barley
-Summer crops: Corn, Corn Silage, Corn ear Paste.

-Pastures: Alfalfa, Vicia, Grass.
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Classification A
Winter Crops — Confusion Matrix
CLASS Ground Truth (Pixels) _ TOTAL
barley soft wheat durum wheat triticale Overall
__|parley 100.00 0.00 0.00 7.21 15.78
2 ¢ [soft wheat 0.00 82.53 0.00 0.00 1241 | Accuracy: 91,16%
(=] 5.5_ durum wheat 0.00 0.00 98.25 13.09 47.06 Kappa
triticale 0.00 17.47 1.75 79.70 24.74 Coefficient: 0.8709
Total 100.00 100.00 100.00 100.00 100.00 ' ’
Summer Crops — Confusion Matrix
CLASS : Ground Truth (Pixels) TOTAL
corn silage corn paste corn Overall
«w & [cornsilage 100.00 0.00 0.00 50.30 Accuracy: 94%
(AT}
'_J 'E corn paste 0.00 79.32 0.42 24.66 Kappa
— [corn 0.00 20.68 99.58 25.04 Coefficient: 0,896 Legend
Total 100.00 100.00 100.00 100.00 sarey
Soft Wheat
Pasture — Confusion Matrix I oum et
= I Triticale
CLASS Ground Truth (Plxels) — TOTAL B corm silage
alfalfa grass vicia Overall — corm paste
§ % alfalfa 100.00 0.00 0.00 19.06 ACCUracy: 99'52% B =tara
L x [grass 0.00 100.00 1.02 34.38 grass
S Sihea 0.00 0.00 98.98 2656 | Lappa o e
. . . . B9 . I:I Company boundary| 0 0308 1.2Km
Total 100.00 100.00 100.00 10000 | Coefficient: 09924 o]
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leld estimation: data assimilation approach
previous work (Dragon3):

Step 2a Step 3
EnKF-SAFY Yield estimation at the

Assimilation of LAl into field scale

SAFY using Ensemble Validation with ground

Kalman Filter measurements

Step 1
LAl and Canopy
Cover estimation

from PROSAIL-ANN Step 2b Step 4
algorithm . ) )
PSO-Aquacrop Yield estimation at
Assimilation of CC into district scale
Aquacrop using Particle Validation with official
Swarm Optimization statistical data

Silvestro et al., 2017. Remote Sensing, 9, 509; doi:10.3390/rs9050509
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Maccarese 2015 trend NDVI and estimated LAI field average and std.dev
NDVI LAI
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Measured LAI
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LAI retrieval using BVNet

Landsat 8

RapidEye
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SAFY and SAFYE

o
24
Q

| init soil variables and parameters ‘

e driving variables: Rad, Temp

Day < Day +1
°
Out of Vegetative Period Case D Within VVégétative Period SA FY no water balance
ase Lay * no direct account of crop stress
Day of Plant| Emergence  compute plant growth
& development
compute gravity — s * """
fluxes from init plant
suface to deep variables & update wa'ger content
soil layer; & parameters and capat_:llty of root o .
soil evaporation ¢ & deep 5°'*rese“’°'r5 e driving variable: Rad, Temp, ET,,
+d - split the deep compute gravity soil properties
compute diffusion soil layer into fluxes between i
fluxes between arootanda | | surface, root and * water balance accordlng TR
surface and deep deep soil layer deep soil layers; & 56
soil layers t irati .
< | evapoTranspration e takes into account water stress
compute diffusion fluxes between ‘
surface, root and deep soil layers
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Sensitivity analysis: SAFYE additional parameters mostly

1 1 Sensitivity index Name of
n O n I nfl u e ntl al 0.00 0.10 0.20 0.30 0.40 0.50 . .
parameteror Description
Pero_sla o input variable
6.5 Pgro_R2P —_—
O Pfen_PrtB 7l mOSt _
o X Pfen_SenA . .
A Pgro_Kex — influential Pgro_R2P Climatic efficiency: ratio of
—
= Ptfn_Topt EEES— incoming photosynthetically active
9 ® Pren_MreD radiation (PAR) to global radiation
> 55 - Ptfn_TpSn —
g éé Pero_Lue Pfen_SenA Temperature threshold to start
5 o SAFY l e l——1 senescence (°C)
R ® %« SAFYE Pfen_SenB [ +— Pfen_PrtB Partition to leaf function parameter
> ® | we ||
1:11i 2 (PLb)
® —Liline Pfen_PrtA | —
45 ‘ ‘ ‘ Paro Ms0 | Pgro_Kex Light extinction coefficientin
4.5 5 5.5 6 6.5 Pgro_P2G | — canopy
Simulated yield (t ha) Ptin_Tmax i~ Pfen_MrgD Day of the year of emergence

Ptfn_Tmin |—

Silvestro et al., 2017. Submitted to PLOSone (major revisions at 15/5/2017)
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SAFY calibration dataset Maccarese 2015
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EnKF assimilation process

Landsat Field BO11 RapidEye
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Measured yield (t ha'l)

SAFY assimilation results
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Grain Yield (tTha)
™ High: 8.36158
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Capturing within-field &tew:oses
spatial variability ?

Landsat

Landsal LAl 14 Way DATA ASSIMILATION

\

Io.o l
Grain Yield (tlha)
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What is the influence of the number of images available
on yield estimation? Test with SAFY synthetic data

20 random parameter
extractions

Parame ter Min Max media st deviatic
Pgro_R2P 0.55 0.65 0.6 0.06
pfen_MrgD 308 328 318 318
Pfen_SenA 1272 1472 1372 137.2
Pgro_Sla 0.024 0.028 0.026 0.0026
Pfen_PrtB 0.0012 0.0014 0.0012  0.00013
Pgro_Kex 0.6 0.8 0.77 0.077

—_=

Run SAFY and

generate LAI
and yields

2017 DRAGON 4 SYMPOSIUM

of n. LAI
“observations”

Use LAI
“observations”
in the

assimilation of
SAFY

[

Compared with yields after assimilation
with originally simulated values
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What is the influence of the n. of images available ~

25 sampling dates

20 sampling dates

15 sampling dates

10 sampling dates
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5 sampling dates

Measured yield
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Conclusions...& work to do for the young scientist

g
g

use better quality data: radiometric & atmospheric correction, ground data

improve the biophysical variables retrieval method: e.g. more efficient use
of temporal and spatial constraints information in the ANN algorithm; test
with better quality data (Sentinel-2, Venus ?); ground campaigns in 2018

carry out a thorough study of the sensitivity of the EnKF method to all
contributing factors using synthetic data: n. of observation dates; error on
biophysical variables, model calibration....

improve SAFYE processes and carry out a more thorough assessment of
SAFY vs. SAFYE

Develop and test EnKF with SAFY for other crops (e.g. maize)
Add N related processes to SAFY in order to address grain quality issues
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