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Contact : claire.lauvernet@irstea.fr i Which spatial structures to which parameters? 1
The method proposed here assumes that the parameter s are governed by
_[ Introduction 1 spatial structures depending on several Ievel:
b, b N
Assimilation of remote sensing data into crop model s Is generally applied pixel m Cultivar level
by pixel, while the whole image data is available : phenological stages, ®» stable on all fields
L — pseudo-obs of LAl leaves properties from same cultivar
. Assimilation estimates
per pixel of input
_ [ model
—_— b = Field level » stable on all pixels
; pixel agricultural practices from same field
SPOTmZg,
1. classical method (on single pixel) ignores possib  le spatial structures = Pixel level ® different from  one pixel to
2. spatial properties of time series of images = add itional source of information soll properties another
3. Inverse problem is generally ill-posed when appli ed at the pixel level
4. repeating the same action a great number of times IS not computer efficient
= Non-significant ®» stable on the whole image
_ _ and not sensitive
_[ Objectives 1 P ((
_ _ ’ _ We now have to estimate all these parameters considerin g these constraint
B to exploit some spatial structures of the parameter s to reduce the size of the and dependencies
problem and make Its inversion manageable. p. The connectivity between neighbour pixels & correlatio n are not taken
B to process concurrently a large set of pixels using variationnal assimilation iInto account here.
» Application on a simple model of plant growth, the BONSAI model g <
Twin experiments to test sensitivity of the spatial
i BONSAI model 1 ! constraints method on the satellite revisit time )
BONSAI (Baret, 1086: Lauvernet 2005) is a semi-mecanis _tic model that m Generation of noisy LAl observations: 2 cultivar, 5 f lelds/cultivar, 10 pix/field
simulates LAl in function of cumulated day-degrees : _
param. | spatial structures
! STt (ATes 1) t0 = the growing date 0 field (10)
LAL = Limax - ((1 AT RT)e ¢ ) Lmax = max value of LAI Ti - |cultivar (2)
B = additional parameter ATs  |cultivar (2)
1 B . Ti ,DTs = temperature thresholds ’ B ixel (100)
_ =(ATs+Ti)\ _ _ T P
A= —log ((60 ) 1) C = generalized logistic Cumvar} Lmax | pixel (100)
(A = growing speed, calibrated) \ c sixel (100)
100 pixels \m
Cultivar 1

= 314 parameters to estimate

i Variationnal data assimilation theory 1 (600 without SC)
J + 10% random noise
State Variables model Parameters m 4 types of satellite revisit time : every 3days, 7  days, 15 days, 30 days
LAl biomass; - {/ Variables m on 100 cases of probability (uniform(0.5)) to be cI  oud masked
— ?E??E[;Ef’!@;(X‘ K ﬁmm o
, . . . t o
i+ imali m contain <
I Initial model 2& a?/ati{ai?/esfﬁfor(r‘}(\)atti?né ® 58 obs. for 3 days frequency (0 - 120) e
, X(0) = u Conditions heorvations. model ® 24 obs. for 7 days (0 - 50) .
i 1 i | i _ : , i
J(K) = SI|C.X(K) = Xopg %, + 51K = Kollg- cost fonction statistics, prior » L1 obs. for 15 days (0 - 22) s,
. ’. » 6 obs. for 30 days (0 - 12) e
Ip iInformation... = s s
s adjoint
dt | model
optimalty  Adjoint model is performed _[Evaluatlon of both DA methods on LAI estimation 1
. . . : . Satellit ISit ti ~1/3d ~1/7d ~1/15d ~1/30d
=> 1. directional derivatives and 2. transposition F=BRT: i 'me, o o > = 1B ——— AN P A
£ 5 | RMSE=034528 , | S 1| RMSE=048078 , | c 4| RMSE=0.598 , | c ;4| RMSE=0.58473 ,
GE) E 12 E 12 T T 12}
. . . — € c = = /
iEvaluatlon of both DA methods on parameter estimation L ol G " : = "
= d S s @©
Q = g =B = = B
Relative RMSE with classical pixel method Relative RMSE with spatial constraints method C_g % 4 % 4 % % 4t
gﬂ_minifn=36.3965 40.3214 32.0051 34.4112 | gl[]I_mir'uif'r'|=25.1#’.‘!7’3 26.2992 26.1948 25.639 % 5 E 3 -- E r; “:. | | | | | | E ', : | | | | | |
median= 50.7893 58.711 2339 47.6752 median= 27.0019 28.3646 28.4281 32.7801 Y 0 o 4 8 3 10 12 14 18 0 5 4 6 8 10 12 14 18 0 o 4 6 8 10 12 14 16 0 o 4 8 8 10 12 14 16
80 - 80 (_)
LAI observations LAI observations LAI observations LAI observations
sof sof L®) Satellite revisit time ~1/3days ~1/7days ~1/15days ~1/30days
E 16 — - -1 16 - 16  — -1 [ — - -1
N r © 5 1| RMSE=036779 , | S 14| RMSE=0.37365 , | = 14| RMSE=0.37834 , | c 4| RMSE=0.56027 ,
o “or E B 12 Ll B 12 LR 12 .. | B
0k 30+ 9 E 10 "':_:"f_*lﬂl" E 10 #gﬂ E 10 'L..:%': E
7 5 ° g ° 3 ° 3
0 0 CC) T 4 w4 qc—é 4 %»
3days 7days 15days 30days 3days 7days 15days 30days © § 2 | E 2 § 2 §
Satellite revisit time Satellite revisit time i °0 2 4 6 B 10 12 14 16 %0 2 4.6 8 10 12 12 16 0 2 4.6 8 10 12 12 16 0 2 4 6 8 10 12 14 16
g LAI observations LAI observations LAI observations LAI observations
m Better global identification: 48% = 28% RRMSE ) L | .
= Stability considering satellite revisit time m As satisfying as pixel method when lot of datatoa  ssimilate
. . . . m The CS method is more robust if less available obse  rvations
m Reduction of the inverse problem size : 600 = 314 parameters to estimate Results are more precise and stable = 1/7davs without = 1/15davs with SC
. . . . B
m Better parameters estimation that are more and less influent (growing date) . P . 4 . y
m Even with very poor obs. (1/30days = still no local min)

m Convergence : 3000 =» 50 iterations but same CPU
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