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Abstract

Satellite radar backscattering coefficient σ0 data from ENVISAT-ASAR and Normalized Difference Vegetation Index (NDVI) data from
SPOT-VEGETATION are assimilated in the STEP model of vegetation dynamics. The STEP model is coupled with a radiative transfer model of
the radar backscattering and NDVI signatures of the soil and herbaceous vegetation. These models are driven by field data (rainfall time series, soil
properties, etc.). While some model parameters have fixed values, some other parameters have target values to be optimized. The study focuses on
a well documented 1 km2 homogeneous area in a semi-arid region (Gourma, Mali).

We here investigate whether departures between model predictions and the corresponding data result from field data errors, in situ data lack of
representativeness or somemodel shortcomings. For this purposewe introduce an evolutionary strategy (ES) approach relying on a bi-objective function
to be minimized in the data assimilation/inversion process. Several numerical experiments are conducted, in various mono-objective and bi-objective
modes, and the performances of the model predictions compared in terms of NDVI, backscattering coefficient, leaf area index (LAI) and biomass.

It is shown that the bi-objective ES leads to improved model predictions and also to a better readability of the results by exploring the Pareto
front of optimal and admissible solutions. It is also shown that the information brought from the optical sensor and the radar is coherent; that the
corresponding radiative transfer models are also coherent; that the representativeness of in situ data can be compared to satellite data through the
modeling process. However some systematic biases on the biomass predictions (errors in the range 140 to 300 kg ha−1) are observed. Thanks to
the bi-objective ES, we are able to identify some likely shortcoming in the vegetation dynamics model relating the LAI to the biomass variables.
© 2007 Elsevier Inc. All rights reserved.
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1. Introduction

For the semi-arid region of the Sahel, characterized by a strong
interannual variation of precipitations, seasonal predictions from
vegetation dynamics models are needed to support natural
resource management policies and are part of early warning
systems. Furthermore, vegetation models are key components of
Land Surface Models which are essential tools to analyze the
interactions occurring between the land surface and atmospheric
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processes such as for West African monsoon (GEWEX-news,
2006). Only recently, vegetation dynamics models have been
employed in combination with satellite data to predict temporal
variation of canopy variables and primary production through
remote sensing data assimilation schemes. Particularly, crop
growth models coupled with radiative transfer models have been
used to infer crop yield thanks to the utilization of optical satellite
images (e.g. Maas, 1991; Moulin et al., 2002). However, in this
context, existing functioning models for natural vegetation are
seldom used due to a lack of accuracy in their predictions (e.g.
Cayrol et al., 2000). In addition, for regions like the Sahel, reliable
ground data which could help to parameterize the production

mailto:sylvain.mangiarotti@cesbio.cnes.fr
http://dx.doi.org/10.1016/j.rse.2007.03.030


1366 S. Mangiarotti et al. / Remote Sensing of Environment 112 (2008) 1365–1380
models, are usually lacking (e.g. Seaquist et al., 2003). In this
study we rely on the knowledge of the regional vegetation
dynamics that has been capitalized after years of in situ obser-
vations and modeling, in particular at the 1 km2 Agoufou site
(Gourma, Mali; see Hiernaux et al., 1994 for details).

In the recent years, we have built the blocks that allow to
constraint a model of sahelian vegetation dynamics with radar
scatterometer data (Frison et al., 1998; Jarlan et al., 2003, 2005)
and with Normalized Difference Vegetation Index (NDVI) data
(Jarlan et al., 2006-this issue). The satellite data constraints are
enforced via an assimilation/inversion process in which initial
conditions (I.C.) of model states variables and some model
parameters are simultaneously optimized. Different optimiza-
tion methods have been tested and the Evolutionary Strategy
(ES) algorithms selected for our long term scientific develop-
ments. Until now, assimilation/inversion experiments combin-
ing both information from the radar and optical data were
performed using a single objective function that sums up
departures of model predictions with both radar and optical
satellite data. However some partial inconsistencies appear
between model solutions issued from radar only, NDVI only or
mixed data assimilation/inversions. In particular, previous
experiments have shown that though the number of “free”
parameters is commensurable to the number of constraining
data, the best fit solutions lack accuracy when compared to
independent ground data (Jarlan et al., 2005, 2006-this issue).

As a consequence we move the problem and address a new
question here: can we use an evolutionary multi-objective
optimization in order to identify those components of the global
modeling process that deserve improvements?

In this study, we assimilate radar backscattering coefficient
σ0data and NDVI data, from ENVISAT-ASAR and SPOT-
VEGETATION respectively. The vegetation dynamics is
provided by the STEP model (Mougin et al., 1995) driven by
data such as rainfall and global radiation. The backscattering
coefficient σ0and the NDVI index are then simulated based on
the LAI and cover fraction provided by STEP using the
radiative transfer models. The model from Karam et al. (1992)
is used to describe the radar backscattering signature of the soil
and vegetation whereas the model from Oh et al. (1992) is used
for the optical signature (Section 2). The assimilated data sets,
model driving data and ground data are described in Section 3.
The assimilation/inversion methods are based on the minimi-
zation of the departures between the simulated and observed
backscattering coefficients and NDVI indexes. Two types of
approaches are used: a mono and a bi-objective method
(Section 4). The bi-objective approach is used to check the
performance of the model predictions with regard to the two sets
of data separately. It produces a set of optimal solutions that
geometrically arrange on the Pareto front (Section 5). Results
are presented and analyzed in Section 6 and then discussed in
Section 7. Conclusions of this study are given in Section 8.

2. Vegetation dynamics and radiative transfer models

The model includes three pieces: the vegetation dynamics
component; the radar backscattering component and the optical
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reflectance component. The STEPmodel of vegetation dynamics
(Mougin et al., 1995) provides the time evolution of some
vegetation and soil state variables. The STEP simulations depend
on a set of complementary noisy external data and on a set of
parameters. Radar and optical satellite data are related to these soil
and vegetation variables through the backscattering and the
reflectance model components respectively that both include
supplementary parameters to be retrieved in the data assimilation
process. Though it is not possible to enter into full details of these
models in this paper, their main properties are summarized here
below and several references are quoted.

2.1. Vegetation dynamics model

The STEPmodel (Mougin et al., 1995) is a simple vegetation
dynamics model for sahelian regions that was originally
designed for use with remote sensing data (Lo Seen et al.,
1995). The STEP model describes the main processes
associated with herbaceous growth and soil water dynamics in
a sahelian environment. Processes of the soil–plant–atmo-
sphere system, such as water fluxes, photosynthesis, respiration,
plant growth and senescence are simulated with a daily time
step. The model is driven by standard daily meteorological
variables (rainfall, incident global radiation, wind speed,
minimum and maximum air temperature, mean relative air
humidity) among which the most important is the rainfall. STEP
includes two sub-models dealing with plant growth and water
fluxes. The present growth sub-model simulates processes of
seed germination, photosynthesis, carbon allocation using two
compartments (above ground and roots), plant growth and
senescence. Plant transpiration and soil evaporation are
simulated by the water dynamic sub-model using Penman–
Monteith equations (Monteith, 1965) where the soil resistance
Rss to evaporation is given by the Camillo and Gurney (1986)
equation:

Rss ¼ Rssampl� ðHsat � H1Þ � Rss0 ð1Þ
where H1 is the current soil water content of the first layer, and
Hsat is the water content at saturation, Rssampl is a parameter.

The soil water dynamics is described using a simple 3 layer
water bucket model (Manabé, 1969). STEP simulates on a daily
basis the structural variables of vegetation canopy (canopy height,
green above-ground herbage mass ground herbage mass Bmx,
Leaf Area Index LAIx, and vegetation cover fraction Vex; with x
equal to ‘g’ or ‘d’ for green and dry vegetation, respectively), the
soil water content Hv and the terms of water fluxes (Soil
Evaporation, E, and Vegetation Transpiration, Tr).LAIx is
calculated from the above ground herbage mass Bmx following:

LAIx ¼ Bmx � SLAx ð2Þ

where SLAg is the Specific Leaf Area. Time variation of SLAg is
simulated by the following equation:

SLAgðtÞ ¼ SLAg0� exp½�SLAgslope� t� ð3Þ
where SLAg is the SLAg value at plant emergence (taken from
Tracol, 2004). SLAg represents the exponential decrease speed
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which is unknown and t is the time (in days) from plant
emergence. Graminoïds and dycotyledons species are treated
separately as they exhibit different behavior: SLAg0 and SLA-
gslope of graminoïds are higher than dycotyledons. The
corresponding fitted parameters for SLAg0 are [223 g m−2] and
[160 g m−2] for graminoïds and dycotyledons, respectively. For
dry herbaceous vegetation, the Specific Leaf Area SLAd is
assumed constant and is fitted at 144 g m−2 for both graminoïds
and dycotyledons (Tracol, 2004). A more detailed description of
the STEPmodel is given in Mougin et al. (1995) and Tracol et al.
(in press).

2.2. Radiative transfer models

In this study the soil and vegetation radar backscattering
signatures are modeled with the Oh et al. (1992) and Karam
et al. (1992) models respectively. The total scene backscattering
coefficient is given as the incoherent sum of the bare soil
surfaces and the vegetated surfaces after being linearly weighted
by their respective cover fractions. The vegetation canopy is
modeled as a collection of discrete and randomly oriented
ellipsoids whose dimensions are chosen to be representative of
the main plant species. The plant backscattering is calculated
using the zero and first order solutions of the radiative transfer
equation. The SOILSPECT (Jacquemoud et al., 1992) and SAIL
(Verhoef, 1984) models are used to represent the soil and
canopy optical reflectance, respectively. The fixed parameters
of these models have been calibrated for a use at this particular
study site as described in Jarlan et al. (2003) and in Jarlan et al.
(2006-this issue). For the optical canopy reflectance model, the
only free parameter is the plant chlorophyll content Cabv which
enables optical properties to be simulated. Soil reflectance is
derived from the NDVI time series data during the dry season.
The radar backscattering coefficient depends on the time
variation of the plant water content between plant emergence
and peak biomass parameterized with HpDeb and HpPeak. All
parameters are taken from Jarlan et al. (2005, 2006-this issue).

3. Assimilated, driving and ground data

3.1. Assimilated satellite data

Both NDVI and σ0data are assimilated in this study on a
1 km2 area. Their respective overall error budgets will be used
to select admissible solutions in the model optimization process
(see Section 5). Details about the way we assess these satellite
data error budgets are given in the Appendix.

The VEGETATION2 instrument onboard SPOT5 provides
measures of land surface reflectance in the visible and in the
infra-red domains, with a spatial resolution of about 1 km2.
Reflectance measurements are performed within four spectral
windows: blue (B0: 0.43–0.47 μm), Red (B2: 0.61–0.68 μm),
Near Infra-Read (NIR: 0.78–0.89 μm) and Medium Infra-Red
(MIR: 1.58–1.75 μm) with a high spectral (absolute calibration
accuracy of about 5%) and geometric accuracy (less than
0.3 pixel). Further details on the instrument characteristics can
be found in Achard et al. (1994) and Duchemin et al. (2002).
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Changes in vegetation cover are monitored using the well-
known NDVI which takes advantage of the spectral response
difference of the chlorophyll-loaded vegetal tissues between the
red and infra-red channels. The 10-day NDVI products are
synthesized following a Maximum Value Compositing proce-
dure, or MVC (Holben, 1986) and distributed by the Vlaamse
Instelling voor Technologish Onderzoek (VITO, http://www.
vgt.vito.be/). Our overall estimate of the NDVI error is 0.05 at 2
standard deviations (S.D.; see Appendix).

The ASAR (Advanced Synthetic Aperture Radar) instrument
is a multi-mode sensor which operates at C-band (5.3 GHz) at
several polarizations (HH, VV, HV and VH), incidence angles,
and spatial/radiometric resolutions depending on the function-
ing mode (Desnos et al., 1999). At this frequency, atmospheric
perturbations can be considered negligible (Ulaby et al., 1981).
In the present study, only the Wide Swath (WS) mode at HH
polarization is considered. For this mode, the spatial resolution
is about 150 m and the incidence angles range between 16° and
43° (European Space Agency, 2004). For the 2005 rainy season,
only 13 images are available, starting from July 16, giving an
average of 2 images/decade (a 10-day period). The correction of
the angular effects is performed using the methodology
proposed by Baup et al. (in press). The calibration process is
performed using the Basic ENVISAT SAR Toolbox software
provided by European Space Agency. The data have been
spatially averaged over the 1 km2 area of interest (Agoufou site,
Mali). We estimate the confidence interval for the averaged
backscattering coefficient σ0 to be ±1.30 dB (at 2 S.D.; see
Appendix).

3.2. Model driving data

Model driving field data as well as ground data for a
posteriori comparisons (see below) are collected at the Agoufou
station (15.3° N, 1.3° W) within the AMMA meso-scale site
(14.5°–17.5° N, 1°–2° W) in the Gourma region in Mali.

The main environmental variable driving the time evolution
of the vegetation productivity is rainfall. Daily rainfall data used
in this study are directly measured with an automatic rain gauge.
Several other meteorological variables are measured but have a
much less significant impact on the model predictions: the
incident global radiation, wind speed, air temperature, etc. (see
Section 2). Some parameters for the radiative transfer models
are calibrated during the dry season, in particular those relative
to the soil signatures (surface roughness, albedo, etc.). Soil
parameters and parameters related to the vegetation coverage,
photosynthesis type (e.g. the C3 to C4 ratio that fixed to 28.5 in
all the model runs) and canopy characteristics are also measured
at the Agoufou site.

An analysis (not described here) of the model sensitivity to
perturbations of themodel parameters based on theKolmogorov–
Smirnov statistical test has shown that most of them can be fixed
to some realistic values (Demarty, 2001; Pavard, 2003). The
associated errors have marginal incidences on the model
predictions when compared to the effect of the rainfall
distribution. A set of parameters and initial conditions are kept
as target variables in the optimization process because

T
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Table 1
List of the variables and parameters

Symbol Meaning Unit Status Model

NDVIobs(t) Normalized Difference Vegetation Index observed from satellite No unit A R
σ0
obs(t) Backscattering coefficient observed from satellite dB A B

NDVImod(t) Model prediction of the NDVI No unit V S–R
σ0
mod(t) Model prediction of the Backscattering coefficient dB V S–B

Bm(t) Biomass density kg ha−1 V S–B
LAI(t) Leaf Area Index m2 m−2 V S–R
SLAg(t) Specific Leaf Area of green vegetation kg ha−1 V S
SLAg0 Specific Leaf Area of green vegetation at plant emergence kg ha−1 F S
Rss(t) Soil resistance to water-vapour transfer s m−1 V S
Hsat Soil humidity at saturation m3 m−3 F S
H1(t) Soil humidity (0–2 cm upper layer) m3 m−3 V S–B
r(t) Rainfall from local gauge mm I S
εmax Light efficiency kg DM mJ−1 T S
Bmv0 Initial aboveground surfacic green mass kg ha−1 T S
SLAgslope SLA initial slope day−1 T S
K(0) Infiltration time constant cm day−1 T S
Rssampl Water transfer amplitude s m2/m3 T S
Rss0 Parameter for the soil resistance to water transfer s m−1 T S
HCrVal Soil humidity at field capacity m3 m−3 T S
HpDeb Plant water content at emergence kg kg−1 T B
HpPeak Plant water content at peak biomass kg kg−1 T B
Cabv Chlorophyll content of the green leaves μg cm−2 T R

In the status column A is for an assimilated data, V for a dependent variable, I for a model driving external information, F and T for a fixed or target variable
respectively. The “model” column indicates if the variable or parameter enters into the STEP (S), backscattering (B) or reflectance (R) model components.
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perturbations of their standard value (used in the solutions
obtainedwith no data assimilation below) significantly change the
model predictions of satellite observable and ground variables.
Conversely, the available data being sensitive to these parameters,
data assimilation/inversions are worth performing.

Table 1 summarizes the dependent variables, fixed and free
(target) initial conditions and parameters of the STEP and
radiative transfer model components, the assimilated data, and
the complementary information driving the model. Among the
free parameters to be optimized, seven parameters concern the
STEP model: the light efficiency εmax, the initial aboveground
surfacic green mass Bmv0, the SLA initial slope SLAgslope, the
infiltration time constant K(0), the water transfer amplitude R-
ssampl, the parameter for the soil resistance to water transfer
Rss0 and the soil humidity at field capacity HCrVal. Two
parameters concern the backscattering model: the plant water
content at emergence HpDeb and the plant water content at peak
biomass HpPeak. A single parameter concerns the reflectance
model: the chlorophyll content of the green leaves Cabv.

3.3. The Agoufou study site and ground data

Rain distribution in the Gourma region is mono-modal with
rainfalls starting in June and ending in September with a
maximum in August. The rainy season is then followed by a
long dry season characterized by the absence of green vegetation
apart from some of the scattered trees and shrubs. Rangeland
vegetation is composed of an herbaceous layer and a sparse
woody plant population. Herb growth is strongly influenced by
the pattern and magnitude of rainfall events and by the soil
moisture regime that results from them and from run-off
influenced by the topography and soil texture. Annual herbs

A
germinate after the first rains, in June or July, and unless the plants
wilt before maturity by lack of rain, the senescence matches
approximately with the end of the rainy season. The Agoufou site
(1×1 km2) is a typical sahelian landscape characterized by gently
undulating sand dunes (for a map of the Agoufou site, see Jarlan
et al., 2006-this issue). The total tree and shrub cover is about
4.5% whereas the grass cover may vary from 0 to about 60%
following soil moisture availability. The soil is sandy (N90%).
During the 2005 wet season, annual rainfall amounted 407 mm,
which can be considered as a good year (the long term average is
370 mm). The biomass peak observed since the mid 80's varies
from 300 to 3000 kg DM ha−1.

Ground measurements on vegetation consist of estimating
the time variation of above-ground biomass as well as LAI from
trees and grasses using hemispherical pictures (Weiss et al.,
2004). A brief description of the measurements methodology
and error is given in the Appendix. In 2005, the growth of the
grass layer starts early in June and reaches a maximum LAI of
1.8 by the end of August. Besides, tree LAI remains at values
smaller than 0.1 at the scale of the 1×1 km2 site throughout the
year and therefore will not be considered in this study.
Necessary meteorological variables to run the STEP model
are measured by an automatic station installed over the Agoufou
site. Necessary soil and vegetation parameters are also
measured over the site.

4. Assimilation/inversion problem

In the three-component model presented in Section 2
(representing the vegetation dynamics and the backscattering
coefficient and reflectance of the scene) some of the variables
initial conditions (I.C.) and parameters are fixed to known
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Fig. 1. Overview of the information flow in the modeling and assimilation/inversion processes.
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values evaluated in previous studies. Other I.C. (for LAI,
biomass…) and parameters with unknown values to be retrieved
from the data are summarized in Table 1. The original problem
at hand is the following one: how can we use the satellite data to
optimize both the various “target” parameters and vegetation
and soil state variables?

An overview of the information flow underlying the overall
modeling and assimilation/inversion process is depicted in Fig. 1.
Once the driving field data and free model parameters are
specified, the vegetation dynamics model coupled with the
radiative transfer (backscattering and reflectance) models provide
predicted σ0 and NDVI time series. Separately comparing these
predictions to ASAR and VEGETATION data, gives the bi-
objective estimates of the model fitness. Several such model
fitness estimates are used in the Evolutionary Strategy algorithm
in order to sparingly choose new trial parameters. After several
such cycles, the evaluated model parameters belonging to the
empirical optimal Pareto set can be retrieved and among them
those also matching an admissibility criterion (see Section 5).

RA
Table 2
Summary of the optimization experiments

noDA MENDVI mono-objective
NDVI cost

MEσ
0 mo

σ0 cost

εmax 7 [6–8] [6–8]
Bmv0 0.5 [0.5–2.5] [0.5–2.5
SLAgslope 0.028 [0.007–0.07] [0.007–
K(0) 1200 1200 [500–15
Rssampl 4140 [3000–8000] [3000–8
Rss0 805 [200–800] [200–80
HCrVal 0.1 [0.08–0.12] [0.08–0
HpDeb 0.8 0.8 [0.7–0.9
HpPeak 0.4 0.4 [0.35–0
Cabv 50 [30–80] 50

ME is for mono-objective experiment, the data used to build the cost being indicated
the results of a model run with standard parameters (no data assimilation). The inter
segment. Grey cells indicate fixed parameters.
We here call “assimilation” the numerical process that allows
putting constraints on I.C. of some state variables of the model,
with a data set. The process that allows to fit (or “calibrate”, or
“identify”) model parameters from data is here called
“inversion”. Both assimilation and inversion problems are
formulated as the search for an optimum of a function in a multi-
dimensional metric (though not necessarily Euclidian, see
below) search space. The search space is bounded if the scalars
for the I.C. or parameters are to be sought in an interval of
admissible values (Table 2). The range of admissible values is
chosen following prescription taken from Jarlan et al. (2003,
2006-this issue). In the context of this study, we classically build
a cost function measuring the departure between the constrain-
ing satellite data and their model prediction counterpart. The
sought solution – time series of state variables and a set of
parameters – corresponds to the global minimum of the cost.
Stated in this general form, assimilation and inversion are
recasted as a single “optimization” problem: we at the same time
search for model parameters and I.C. that minimize the

T

no-objective MENDVI+σ

0 mono-objective
NDVI+σ0 cost

BE bi-objective
[NDVI, σ0] cost

[6–8] [6–8]
] [0.5–2.5] [0.5–2.5]
0.07] [0.007–0.07] [0.007–0.07]
00] [500–1500] [500–1500]
000] [3000–8000] [3000–8000]
0] [200–800] [200–800]
.12] [0.08–0.12] [0.08–0.12]
] [0.7–0.9] [0.7–0.9]
.45] [0.35–0.45] [0.35–0.45]

[30–80] [30–80]

in the index BE is for bi-objective experiment. The “no DA” line corresponds to
vals indicate the bounds of the corresponding variable or parameter search line
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departures between observed (noisy) NDVI and σ0data time
series and their model prediction counterpart. The model
provides also time series for the biomass Bm(t)and LAI(t) that
are a posteriori compared with in situ data.

The radiative transfer models that link the vegetation canopy
and soil states with backscattering coefficients and NDVI are
subject to modeling errors. As a consequence, the constraints
brought by the NDVI and σ0 data set are not fully compatible
with each other. Any optimal assimilation/inversion solution is
in fact a compromise found between these constraints. When
using a one dimensional cost function, these constraints are
aggregated together and the compromise is hidden. We here
prefer to look separately the fitting performances of the model
prediction with the NDVI data on one hand and on the σ0 data
on the other hand. For this purpose we build the bi-objective
vector function J̄ to be minimized:

J̄ ¼ JNDVI
Jr0

� �
ð4Þ

where JNDVI and Jσ0 are scalar cost function given by:

JNDVI ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
N�1
NDVI

X
155V ti V255

wi½NDVImodðtiÞ � NDVIobsðtiÞ�2
s

ð5Þ
and

Jr0 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
N�1
r0

X
155V ti V255

½r0modðtiÞ � r0
obsðtiÞ�2

s
ð6Þ

where time ti is given in day number in the year. The wi are the
non-uniform normalized weights which allows to constrain
strongly the model near the NDVI peak which is a critical point
for retrieving the maxima values of the local biomass
production (see below). NNDVI and Nσ

0 denote the number of
NDVI and σ0 satellite measurements, respectively. Contrarily
to the NDVI cost function, no weight is applied to the σ0 cost
function because the scene dynamics as seen from the radar is
assumed to be more or less stationary in time.

A classical approach to the assimilation/inversion of
heterogeneous data sets consists in the estimation of a mono-
objective function that aggregates the departures of model
predictions with all kinds of data. For comparison purpose, we
also add numerical experiments with the following weighted
mono-objective function JNDVI+σ0:

JNDVIþr0 ¼ ½JNDVI=Jmin
NDVI þ Jr0=J

min
r0 �=2 ð7Þ

where JNDVI
min and Jσ0

min are the minimum values obtained from
the set of previous mono-objective (Eqs. (5)–(6)) and bi-
objective (Eq. (4)) optimizations.

Note that in Eq. (5), we use non-uniform normalized weights
wi that give more importance to the departures between the model
prediction and data about the time corresponding to the biomass
peak (which date is derived from the analysis of NDVI time
series). This non-uniform weighting is equivalent to the use of a
non-stationary covariance function. We have previously shown
that this strategy is required in order to produce good estimates of
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the peak biomass which provides an estimation of Net Primary
Productivity. The consideration of the non-stationariness of the
problem in turn leads us to choose an L2 norm for the building of
the objective function, though the evolutionary strategy (ES)
would operate as well with for example an L1 norm known to be
less sensitive to spoiled data.

Conversely, this is a reasonwhy choosing the ES approach: the
way it solves the optimization problem is completely independent
from the way the cost function is built. Algorithms of the same
family have already been used in similar works such as genetic
algorithm in Fang et al. (2003) for retrieving Leaf Area Index or in
Lin and Sarabandi (1999) for retrieving forest parameters. In these
studies the parameters of the genetic algorithm are kept constant
during the optimizing process, which may prevent to accurately
reach the global minimum of the cost function in a non-linear
case. Another approach is used in Oh (2006) for retrieving soil
moisture from multi-polarized backscatter of bare surface that
consists in combining genetic algorithm with an iterative process
until convergence. This approach allows to build robust solution
estimates. Improvements in the formalization of the objective
function, change of the underlying norm, addition of new
constraints (e.g. smoothing constraints, etc.) or model updates do
not affect the ES operational use. Moreover, we use the ES as a
direct method. Contrary to several assimilation and inversion
popular methods, we never have to proceed to any gradient
estimate or matrix inversion. As will be briefly explained below,
the three component model (STEP, backscattering and reflectance
codes) provide NDVI and σ0simulated time series that are simply
compared to the empirical time series. Nor any model
linearization about some likely model state and/or parameter set
is required at any stage of the assimilation/inversion process.

5. Mono and bi-objective optimization

Any initial condition for a state variable or parameter that is
to be constrained with data is hereafter called a “target variable”
(or «decision variable» in the optimization literature), the
objective function being indifferently one or two dimensional.
The content of a vector of target variables x̄ depends on the
performed numerical experiment as summarized in Table 2. For
example, no target variable related to the backscattering model
component is in the target vector if no radar data are used. The
higher dimensional target vector is defined in the bi-objective
optimization relying NDVI and σ0data simultaneously. Each of
the K variables xk of the target vector x̄ takes values in a pre-
defined real interval, say:

xmin
k VxkVxmax

k k ¼ 1::K: ð8Þ
The model formulae can be expressed as P equality

constraints on the target vector:

Mp½x� ¼ 0 p ¼ 1::P: ð9Þ
Classically we would look for the optimal target vector x̄ ⁎

that minimizes the objective function of interest, say J̄ (Eq. (4))
or JNDVI+σ0 (Eq. (7)) when both satellite data sets are used,
JNDVI (Eq. (5)) or Jσ0 (Eq. (6)) when only NDVI or only
backscattering data are used, respectively. However, the
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Table 3
A posteriori estimates of the departures between the various kind of available
data and the optimal solutions corresponding to different model optimization
experiments

JNDVI no unit Jσ0 dB Jbiomass kg ha−1 JLAI m
2 m−2

Estimated Data Error 0.05 1.30 160 0.23

ME⁎
NDVI

0.020 1.33 269 0.22

ME⁎
r0

0.071 0.81 326 0.31

ME⁎
NDVIþr0

0.020 1.04 262 0.21

BE⁎
NDVI

0.020 0.92 338 0.22

BE⁎
r0

0.041 0.79 350 0.27

BE⁎
biomass

0.025 0.81 338 0.23

BE⁎
LAI

0.020 0.86 340 0.22

no DA 0.087 0.92 282 0.34

Upper line: JNDVI is the departure estimate (or cost) between the NDVI data are
their model counterpart. Other costs indices indicate the involved data set. Left
most column: the ⁎ exponent means that we consider optimal solutions. ME is
for mono-criterion optimization experiment. The criterion in use is built from the
data indicated in the index (NDVI or σ0). BE is for the bi-criterion optimization
experiment. Among all the optimal solutions BE⁎ of the empirical Pareto set, we
consider those solutions exhibiting a posteriori minimal departure with regard
to those data specified in the index (say NDVI, σ0, biomass and LAI). The “no
DA” line corresponds to the results of a model run with standard parameters (no
data assimilation). Grey cells indicate the fittest model predictions (the “No DA”
line excluded).
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objective functions involving noisy data, we are not interested
in the sole optimal solution but virtually in all trial target vectors
x̄ trial associated to a cost lower than an upper bound Jupper. Any
such vector belongs to the set Xadm of admissible solutions, say:

x̄ trial a X adm iif J V½ x̄ trial�V J upper: ð10Þ

In Eq. (10), J' stands for any of the objective (or cost)
function given in Eqs. (4)–(7) (and in the case of the bi-
objective function, the inequality reads on each component as
compared to each component of a 2-vector bound Jupper). We
set the admissibility criteria as twice the error standard deviation
(S.D.) for the NDVI (no unit) and σ0 coefficient (in dB) data
respectively, say:

J̄
upper ¼ ½J upperNDVI; J

upper
r0 � ¼ ½0:05; 1:30�: ð11Þ

Though the estimates of some components of the NDVI and
σ0 data error budgets are published, no overall accuracy
assessment is available. We briefly explain the rationale leading
to the accuracy assessment used in Eq. (11) in the Appendix.

In the 2-dimensional space of the bi-objective function J̄
(Eq. (4)) corresponding to assimilation/inversion of both NDVI
and σ0 data., a trial target vector is Pareto optimal if no other
trial vector is able to exhibit a lower value for one component of
the objective without having a higher value for the other
component. The criterion of Pareto optimality usually leads to a
set of optimal target vectors – said “non-dominated” solutions –
rather than to a single optimal solution (Collette & Siarry,
2002). We define CA the subset of those Pareto optimal
solutions that are at the same time admissible solutions (see Eqs.
(10)–(11)). As will be illustrated below, the admissible non-
dominated solutions arrange on a tangent of the bi-objective
function so depicting a sampling of the Pareto front (in the two
dimensional space of the cost vector J̄ ).

Basically, ES algorithms belong to the family of Genetic
Algorithms (Golberg, 1994; Michalewicz, 1999; Rechenberg,
1973; Schoenauer, 1997). In our study, each model run is
univocally specified by the values of the target variables. All
together these variables can be seen as a string of scalars or,
emphasizing the genetic parallel, the unique set of chromo-
somes of an “individual”. At the initial step, several such
individuals are randomly chosen (in the bounded search space)
and their respective fitness computed via model runs and
comparison with the satellite data (see the information flow map
in Fig. 1). A good fitness corresponds to a choice of target
variables that lead to a low associated cost (Eqs. (4)–(7)). The
fittest individuals are kept to produce a new generation. Indeed
their variables/chromosomes are recombined with a crossover
process and some sporadic random perturbations (mutations),
leading to a set of new individuals, or equivalently a set a new
model runs. The selection of the fittest individuals, crossover
and mutation steps are repeated in order to generate a new
population of trial target vectors, and so on.

ES algorithms distinguish from genetic algorithms in the
simultaneous optimization of some of the algorithm parameters
(e.g. mutation rate) that manage the selection and evolution

DRA

rules, as a function of the explored fitness (or cost) function
under exploration. The optimization problem is solved using the
so-called “Evolving object” Evolutionary Strategy (ES) envi-
ronment which development was started by the Geneura Team
at the University of Granada, headed by Juan Julián Merelo.
Details about the mono and bi-objective ES environment used
here are given on the “Evolving Object Library”web site (http://
eodev.sourceforge.net/) and in Keijzer et al. (2001). The proper
multi-objective function relies on the NSCA-II elitist genetic
algorithm (Deb et al., 2002).

We here process 100 generations of 50 individuals each.
Some tests have shown that the global results are robust (the
optimization method used being non-deterministic, the exact
values of the target variables associated to the fittest individuals
can of course present some minute fluctuations from an
optimization to another one). We keep track of all the
individuals generated in an optimization experiment, and of
their associated performance with regard to the NDVI, σ0,
biomass and LAI data. We can a posteriori find the solutions
belonging to the empirical optimal Pareto set and those
solutions further matching the admissibility criterion (Eq. (11)).

http://eodev.sourceforge.net/
http://eodev.sourceforge.net/


1372 S. Mangiarotti et al. / Remote Sensing of Environment 112 (2008) 1365–1380
6. Results

In the following we discuss several optimal solutions.
ME⁎

NDVI, ME⁎
r0 and ME⁎

NDVIþr0 are the solutions that minimize
the mono-objective functions defined in Eqs. (5), (6) and (7)
respectively. For the bi-objective experiment, picking up a
particular solution in the CA set is a matter of decision. The
rationale for our choice is to consider those admissible Pareto
optimal solutions that have the best fitting to the sole NDVI or
σ0 satellite data (used in the optimization process), or to one of
the ground data set, biomass and LAI data. These four bi-
objective solutions are noted BE⁎

NDVI, BE⁎
r0 , BE⁎

biomass and
BE⁎

LAI respectively. It should be kept in mind that the biomass,
and LAI ground data are never used in the optimization process
(neither with mono nor bi-objective constraints), but only for a
posteriori model performance evaluations. The so-called “no
Fig. 2. Comparing time series of satellite data (circles with error bars; upper panel: ND
solutions at the Agoufou study site (Mali; year 2005). Fittest mono-objective solutio
star). Fittest bi-objective solutions: BE⁎

NDVI (green; triangle down) and BE
⁎
r0 (dashed

See Section 6 for the rationale of the solutions nomenclature. Note that the model pred
are added for readability only). Many short time scale events affecting the scene b
sampling. (For interpretation of the references to colour in this figure legend, the re

DRA
DA” solution corresponds to a model run with a set of
“standard” values for the target parameters, obtained without
any data assimilation/inversion.

We expect BE⁎
NDVI (resp. BE

⁎
r0 ) to have a less good fit to the

NDVI (resp.σ0) data than ME⁎
NDVI (resp. ME⁎

r0 ), the former
proposing a compromise with the supplementary constraints
brought by σ0 (resp. NDVI) data. At this point we have no idea
how the various optimal solutions considered here will rank
when compared with the heterogeneous ground data. But the
measurement physics of the remote sensors a priori suggests
that NDVI data should bring more information on the LAI and
on those target variables involved in the reflectance model
(Achard et al., 1994). σ0 data should better constraint the
recovery of biomass (Jarlan et al., 2003) and the target variables
involved in the backscattering model (see Table 1, right most
column).
VI; lower panel: σ0) and their model prediction counterpart from various optimal
ns: ME⁎

NDVI (red; triangle up), ME⁎
r0 (black, square) and ME⁎

NDVIþr0 (magenta;
green; circle). Solution (“no DA”) with no data assimilation (dashed black, dot).
ictions are here reported just at the time of satellite data availability (linking lines
ackscattering coefficients cannot be recovered on the basis of this coarse time
ader is referred to the web version of this article.)
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Fig. 3. Comparing time series of ground data (circles with error bars; upper panel: biomass; lower panel: LAI) and their model prediction counterpart from various
optimal solutions at the Agoufou study site (Mali; year 2005). Symbols are like in Fig. 2.

1373S. Mangiarotti et al. / Remote Sensing of Environment 112 (2008) 1365–1380

DRAFT

The various performance results of the different optimal

solutions are summarized in Table 3. In Fig. 2, we compare time
series of NDVI and σ0 satellite data with their model prediction
counterpart from various mono and bi-objective optimal
solutions at the Agoufou study site. The prediction
corresponding to no data assimilations is also plotted. As
expected, the ME⁎

NDVI solution gives the best results with NDVI
data. However, several other solutions exhibit the same fitness,
say ME⁎

NDVIþr0 and the two bi-objective solutions BE⁎
NDVI and

BE⁎
LAI. BE

⁎
biomass has nearly the same fitness score to these

optical satellite data. In fact, it appears that all the considered
solutions match the NDVI admissibility criterion (a posteriori
cost lower than 0.05). This results probably from the fact that
the constraint is here brought mainly by the data obtained near
the biomass production peak. Only a few NDVI data are able to
penalize the solutions with important prediction departures. The
interesting point is rather that the solutions with good fits to the
σ0 data (ME⁎

r0 and BE
⁎
r0 ) do not well fit the NDVI data (though

within the bound of admissibility). Conversely, solutions well
fitting NDVI data present poor results when compared to σ0

data, but once again, within the admissibility criterion put by the
ASAR data error estimate (Fig. 2 lower panel and Table 3). No
optimal solution is able to correctly fit simultaneously the radar
and optical satellite data that could suggest a mismatch between
the two sets of data or a shortcoming in the model.

In Fig. 3, we compare biomass and LAI time series with the
model predictions. Solutions near the data during the growing
period tend to be too high during the senescence period and vice
versa. All solutions give too low LAI prediction near the
vegetation productivity peak. Broadly speaking, the solutions
obtained with some NDVI data assimilation have good
performance for biomass and LAI predictions.

Replacing the various optimal mono and bi-objective
solutions in the two dimensional space span by the JNDVI and
Jσ
0costs leads to similar conclusions. In Fig. 4 we restrict the
representation of this space to the admissibility bounds put by
the optical and radar error estimates. The mono-objective and
“mono data type” assimilation solutions –ME⁎

r0 and ME⁎
NDVI –



Fig. 4. Performances of various fittest solutions over the objective domain. The bi-objective solutions of the NDVI cost JNDVI (x-axis) and σ0 cost Jσ
0 (y-axis) do not

exceed the upper bounds used as admissibility criterion (twice the satellite data error standard deviation). On the opposite, these bounds can be overlapped by mono-
objective solutions or when no assimilation procedure is used. Fittest mono-objective solutions: ME⁎

NDVI (red triangle up), ME⁎
r0 (black square) and ME⁎

NDVIþr0

(magenta star). Fittest bi-objective solutions on the Pareto front: BE⁎
NDVI (green triangle down), BE

⁎
r0 (green circle), BE

⁎
biomass(blue x) and BE

⁎
LAI (blue circle). Solution

(no DA) with no data assimilation (black dot). The empirical optimal Pareto set (bi-objective non-dominated solutions) is represented as a thick green line. Green
points correspond to all the target model variables in the admissibility domain. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

Table 4
A posteriori target variable values and associated error estimates

A posteriori target
variable value

A posteriori error
estimate

A posteriori relative
range (%)

εmax 7.39 0.014 0.8
Bmv0 2.01 0.023 1.2
SLAgslope 0.04 0.005 8.0
K(0) 891 3.1 0.4
Rssampl 4101 82 1.6
Rss0 481 0.33 0.06
HCrVal 0.93 0.003 8.6
HpDeb 0.78 0.004 2.0
HpPeak 0.40 0.004 3.6
Cabv 56.7 0.52 1.0
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while minimizing their respective cost, tend to have poor
performance with regard to the other satellite data type. The
Pareto optimal set which always match the admissibility
criterion, classically draws an L-shaped line in the lower left
corner of the figure. The salient trends in the solution
organization are that: (a) the ME⁎

NDVI (and ME⁎
NDVIþr0 ) and

BE⁎
NDVI solutions stand along the Jr0 — axis with low and

nearly equal NDVI costs; (b) the ME⁎
r0 , BE

⁎
r0 and BE⁎

biomass
solutions stand along the JNDVI — axis with low and nearly
equal σ0 costs. The BE⁎

LAI solution occupies a nearly central
position on the Pareto set. In fact all the Pareto optimal solutions
lying in the continuous Pareto front have equivalent goodness of
fit when compared to ground data.

Can we translate this property in the space of target
variables? In Table 4 we give the a posteriori values of the
target variables and associated error estimates. They are
computed as follows: we consider all the solutions of the bi-
objective ES optimization belonging to the admissible optimal
Pareto set. Each such solution provides us with an “optimal”
value for each target variable. The average and twice the rms of
such a variable distribution are taken as our estimator of the a
posteriori variable value and associated error respectively. The
a posteriori relative range (in %) is the ratio between this error
estimate and the a priori scalar range of the corresponding
search variable (given in Table 2). We find that the ranges of
target variables associated to good fits to ground data
correspond to very narrow intervals of the initial search ranges
(a few percent or less, except for the HcrVal variable with 8.6%
of a posteriori relative range).

We can also see how narrow are the scalar intervals span by
the target variable of the Pareto optimal set on the upper panel of
Fig. 5. As said before, the optimal solutions we are discussing
are all admissible solutions. The surprising point here is that the
target variable range span by all these solutions is much larger
that the range span by the sole Pareto optimal solutions. It is
much larger than our error estimate associated with the “Pareto

T



Fig. 5. Target variable estimates (upper panel) and associated cost (in terms of ground data: biomass and LAI; lower panel) of the various mono and bi-objective
optimal solutions (symbols like in Fig. 4). The real values bounding the search interval for each target variables (see Table 2) have been here transformed to the [0–1]
interval of the y-axis. In the lower panel, cost values are normalized by the error estimate associated to each kind of data (see Table 3 and Appendix).

1375S. Mangiarotti et al. / Remote Sensing of Environment 112 (2008) 1365–1380

DR
F

target variables” (given in Table 4). Obviously several target
variable sets provide solutions with quite comparable goodness
of fit with regard to satellite data or ground data (Fig. 5, lower
panel).

Looking at the evolutionary pattern of the target variables
corresponding to admissible solutions, we observe that most of
them converge quite uniformly to their quasi-optimal value just
after 20 to 40 generations (Fig. 6). Large range of values are
simultaneously explored for the three target variables entering
the radiative transfer models (say Cabv, HpDeb and HpPeak) and
the HCrVal and SLAgslope constants until the end of the
evolutionary time (even if the a posteriori errors estimated from
the dispersion of the values given by the sole Pareto optimal
solutions are small). We interpret this behavior in the sense that
though the Pareto set is focused on narrow intervals of the target
variables, large perturbations of these variables only marginally
affect the model penalization by costs derived from satellite data
(JNDVI and Jr0 ). When the ES algorithm approaches the segment
of the Pareto front with both low JNDVI and low Jr0 values, the
exploration of more distant solutions is unlikely.

7. Discussion

These results present a mix of several intricated limitations:
1 — ill-posedness: some target variables are lumped in the
optimization scheme on the sole basis of the available constrain-
ing (satellite) data; 2— ambiguity: several sets of parameters are
admissible with regard to the empirical constraints and result in
predictions of the ground data with similar performances; 3 —
uncertainties: inaccuracies or errors affecting both the model
complementary information and satellite data prevent us from
finding a unique solution consistent with all the ground data
(which themselves are prone to measurement errors and partial

A
 lack of representativeness related to scaling issues); 4 — model
limitations: one or several ingredients (say the STEP model, the
backscattering model or the reflectance model) of the overall
modeling process fail to properly represent the bio-physical
relationships between vegetation sate variables and the
observables.

In order to disentangle the effects of these limiting factors we
perform another numerical experiment. Among the various
optimal solutions obtained before, the weighted mono-objective
solution ME⁎

NDVIþr0 gives the best results when compared to
ground data (see Table 3). Now, using the values of the target
variables of this solution, we simulate sets of NDVI and σ0

synthetic data, with the same time sampling patterns than for the
real satellite data. These noise free synthetic data are then
assimilated/inverted exactly in the same way than the real data,
aiming at optimizing the model relying on mono or bi-objective
functions. In this experiment the three model components –
representing the vegetation dynamics, backscattering and
reflectance signatures – are fully consistent with the data they
generate. The fitness performances of the various optimal
solutions are summarized in Table 5.

We expect the newME⁎
NDVIþr0 solution to give the best results,

being a priori able to recover the right target variables.
Surprisingly, this new solution is quite poor when compared to
other solutions and the values of the target variables are not
retrieved correctly. This behavior suggests that each model run
introduces biases on some state variables. The best goodness of fit
results with regard to the different synthetic satellite and ground
data are obtained with Pareto optimal solutions. They have very
similar performances with costs about 0.012 for NDVI,∼0.05 dB
for σ0 and ∼1.3% m2 m−2 for LAI (see Table 5). These residual
costs are much below the costs obtained with the assimilation of
the real data, and also below their associated error estimates (see

T



Fig. 6. Time evolution of the costs JNDVI and Jr0 (two upper plots) and target variables in the bi-objective optimization over the 100 generations (x-axis) of the
Evolutionary Strategy.
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Table 3). They give upper bounds on the error related to the semi-
stochastic nature of the ES optimization that prevents us from
finding the exact variable values. These good fits further mean
that 1) there is enough data to get quite realistic solutions; 2) there
is no mismatch between the two sets of assimilated data; 3) the
recovery of the set of target variables is well posed. The only
exception is with biomass data: the results with synthetic data are
better but of the same order of magnitude (∼235 kg ha−1) than
those obtained when comparing model predictions to real ground
data (and above their error estimate).

A scatter plot of the predicted versus “observed” synthetic
satellite data is drawn in Fig. 7. If the ME⁎

NDVI – and also the
ME⁎

NDVIþr0 – solution well fits the data at the beginning of the
rainy season (low NDVI) and near the biomass peak, the
predictions are not correct during the vegetation growing phase
(see upper plot). The bi-objective optimal solutions surpass the
mono-objective solutions all the time. The mono-objective
solutions optimized with σ0 data, say ME⁎

r0, exhibits a nearly
constant bias over all the NDVI-range. The parameter that
controls the chlorophyll content in the green leaves Cabv being
fixed to its standard value in this solution might cause this
systematic departure. The same comments can be repeated for
the σ0 data (lower plot) except that now it is the ME⁎

NDVI
solution (optimized with NDVI data only) that presents a nearly
constant bias probably because the K(0), HpDeb and HpPeak
parameters are now fixed to their standard values. All the target
variables being optimized in the bi-objective solutions, they
accurately fit the two kinds of data.

Scatter plots of the predicted versus observed synthetic data
are presented in Fig. 8 for the biomass (upper panel) and LAI.
The salient feature here is the tendency for all the solutions to
predict homothetically too high biomass densities. This error



Table 5
Same as Table 3 but for the assimilation/inversion of synthetic satellite data
(note that the data error estimates correspond to the error analysis of real data)

JNDVI Jσ0 Jbiomass JLAI

No unit dB kg ha−1 m2 m−2

Estimated Data Error 0.05 1.30 160 0.23

ME⁎
NDVI

0.012 1.18 139 0.03

ME⁎
r0

0.033 0.09 301 0.09

ME⁎
NDVIþr0

0.014 0.30 244 0.07

BE⁎
NDVI

0.011 0.10 244 0.02

BE⁎
r0

0.013 0.03 237 0.01

BE⁎
biomass

0.013 0.03 228 0.01

BE⁎
LAI

0.012 0.04 236 0.01

No DA 0.078 0.60 89 0.22

Fig. 7. Scatter plot of the predicted versus “observed” synthetic NDVI (upper
panel) and σ0(lower plot) data. Model predictions are: ME⁎

NDVI(red triangle up),
ME⁎

r0 (black square), ME⁎
NDVIþr0 (magenta star) and BE⁎

r0 (green circle). Note
that the other Pareto optimal solutions have very similar data predictions. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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affects as well the bi-objective solutions. So it is probably
induced by some bias in the STEP model rather than in the
radiative transfer model components. In comparison, model
predictions are centered with regard to the LAI synthetic data.
Note also that the systematic bias of the ME⁎

r0 solution with
regard to the NDVI data (Fig. 7, upper panel) reflects in a
similar bias on the LAI plot (Fig. 8, lower panel) which is
consistent with our expectation. A detailed analysis of these
departures is likely to bring useful information.

None of the optimal solutions retrieves the known values of
the target variables, even if some solutions have very good data
fitting performances. As a consequence no physical or
biological meaning should be attached to the precise scalar
values of the target variables of any of the optimal solution.
However the assimilation/inversion method presented here
allows for restraining significantly the ranges of likely model
parameter values. The ES algorithm is always able to find mono
or bi-objective optimized solutions that have good fitting
performances when compared to satellite or biomass and LAI
ground data. In particular, it seems that the bi-objective Pareto
optimal solutions are reliable candidates to estimate vegetation
parameters in sites where no ground data are available. Such
conclusion should be supported by further analyses relying on
several year optimizations and/or considering other semi-arid
sites.

An important limitation to the model optimization presented
here is put by the scarcity of available satellite data. To increase
the information flow from space borne satellite we plan to also
assimilate/invert data available in a neighborhood of the site of
interest, using proper spatial covariance functions that will
underweight the most remote pixels. This approach should

A

allow to remove the uneven weighting in the cost built from
NDVI data (Eq. (5)), leading to more homogeneous perfor-
mance of the model predictions during all the rainy season. It
will also increase the robustness of the ES results.

8. Conclusion

An Evolutionary Strategy algorithm is used to optimize both
initial conditions and free parameters of a model coupling
vegetation dynamics and radiative transfer processes of a scene
composed of vegetation and bare soil in a 1 km2 semi-arid area.



Fig. 8. Scatter plot of the predicted versus “observed” synthetic biomass (upper
panel) and LAI (lower plot) data. Symbols as in Fig. 7. Note that the other Pareto
optimal solutions have very similar data predictions.
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The flexibility of the approach allows to constraint the model
with heterogeneous noisy satellite data indifferently with a
mono or a bi-objective function. The relatively high number of
target variables and comparatively low number of available data
prevent from finding a unique optimal solution. However, under
bi-objective constraints, all the solutions belonging to the
optimal Pareto set are admissible solutions and present quite
good fitness performances relative to independent ground data.
When considering the scores in the backscattering coefficient
σ0, in the NDVI or in the LAI, the bi-objective method is the
more efficient among the different strategies tested in this study.
This is shown when assimilating or inverting a synthetic and
unbiased set of data (relatively to the coupled models) obtained
from a run assimilating the real set of data. Indeed, the lowest
costs are obtained with the bi-objective functions BE⁎
r0 (0.03 dB

error on σ0, BE⁎
NDVI (0.011 error on NDVI) and BE⁎

LAI (1.0%
error on LAI) to be compared with the lowest mono-objective
costs: ME⁎

r0 (0.09 dB error onσ0), ME⁎
NDVI (0.012 error on

NDVI) and ME⁎
NDVIþr0 (3.1% error on LAI) respectively. The

mono-objective solutions are systematically worse than any bi-
objective solution. On the opposite, when considering the
scores in biomass only, the lowest costs are obtained with the
mono-objective ME⁎

NDVI method. However we have shown that
this performance results from some shortcomings in the
biomass modeling (and not a better efficiency of the method).
Indeed the detailed analysis of the distribution of various
optimal solutions in the objective space, of the time evolution of
the solutions from generation to generation, and of the accuracy
associated to the retrieved parameters suggests several further
improvement in the overall vegetation dynamics modeling
process. When using the real data set in the assimilation/
inversion, the best bi-objective costs are better (0.79 dB and
0.81 dB on σ0 for BE⁎

r0 and ME⁎
r0 respectively), equal (0.02 on

NDVI for BE⁎
NDVI, ME⁎

NDVI and ME⁎
NDVIþr0 ) or almost equal

(22% and 21% on LAI for BE⁎
NDVI and ME⁎

NDVIþr0 ), except
when considering the cost for the biomass for which the
comparison is difficult due to likely modeling biases.
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Appendix A. Data accuracy assessment

1. NDVI data from VEGETATION 2: the accuracy of NDVI
data depends on the instrument design and data processing.
We here consider four error sources: (a) the instrumental
resolution error is 1/250; (b) the radiometric stability is
estimated to be 0.009 on the basis of the signal dispersion
from one year to another during the dry season; (c) our
estimate of the cloud cover induced error is done as follows:
9 time series Sk(ti) of 252 data each (over years 1999–2005)
associated to the 9 pixels centered on the Agoufou study site
are considered. The time series of NDVI spatial differences
dk,l(ti) between all pairs [k,l;k≠ l] of pixels are formed. Then
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we take the time series of their temporal increments δdk,l(ti)=
[dk,l(ti+1)−dk,l(ti)]. Assuming that the vegetation cover
dynamics is spatially homogeneous with low frequency
time variations as compared to the effects associated with the
cloud cover, high amplitude sudden changes of the
increments δdk,l should mainly result from the error induced
by cloud cover. From the observed distribution of the δdk,l(ti)
we obtain an error of 0.012. Note that this error estimate also
includes the error associated with the angle of acquisition;
(d) the error due to the sensor calibration and associated with
the data set used here can have an impact of 10% of reduction
on a 3 year time span, contributing for another 0.022 error.
The total error resulting from these independent error sources
is ∼0.05 (at 2 S.D.). This “conservative” error estimate is
chosen as a way to balance for the hypothetical character of
some NDVI error mechanisms (in particular concerning the
cloud cover effects).

2. σ0 data from ASAR: the error budget associated with the
backscattering coefficient including the radiometer accuracy,
the radiometric stability and the error associated with the
speckle is estimated about 0.6 dB (1 S.D., Baup et al., 2007).
The independent error associated with the projection on a
standard acquisition angle of 23° has been estimated through
a perturbation method to be ∼0.25 dB. The resulting total
error is about 1.30 dB (2 S.D.).

3. Biomass ground data: it is estimated through a weighted
average of above ground green biomass sampled over 1 m2

areas distributed in three density classes (low, medium, high
herbaceous vegetation density) as presented in Hiernaux
(1984) and Hiernaux et al. (1994). 132 samples have been
collected during the year 2005, say 12 samples of 1 m2 areas
for each 1×1 km2 measure estimate. The associated error has
been estimated through a variance computation taking into
account the weighting process (Cook & Stubbendieck,
1986). The hypothesis of (quasi-) normal distribution has
been checked by Hiernaux (1984). The averaged error over
the rainy season is ∼160 kg of dry matter ha−1.

4. LAI ground data: LAI measurements are based on a
hemispherical photography technique (Weiss et al., 2004).
Sampling has been done along a 1000 m transect each 10 m,
for each of the 1×1 km2 measurements, say 1500 samples
during the 2005 rainy season in the Gourma region. An
instrumental error of 0.18 m2 m−2 has been estimated by
comparing two LAI estimation techniques, one based on a
planimeter instrument, the other one relying on a hemispheric
photography method. A second error source taken into
account is the extrapolation (including the strategy of spatial
sampling method). Comparing the results of three sampling
strategies, the extrapolation error is about 0.14 m2 m−2. The
total error estimate is about 0.23 m2 m−2 (at 1 S.D.).
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