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Abstract

This paper presents a method to monitor the dynamics of herbaceous vegetation in the Sahel. The approach is based on the assimilation of
Normalized Difference Vegetation Index (NDVI) data acquired by the VEGETATION instrument on board SPOT 4/5 into a simple sahelian
vegetation dynamics model. The study region is located in the Gourma region of Mali. The vegetation dynamics model is coupled with a radiative
transfer model (the SAIL model). First, it is checked that the coupled models allow for a realistic simulation of the seasonal and interannual
variability of NDVI over three sampling sites from 1999 to 2004. The data assimilation scheme relies on a parameter identification technique
based on an Evolution Strategies algorithm. The simulated above-ground herbage mass resulting from NDVI assimilation is then compared to
ground measurements performed over 13 study sites during the period 1999–2004. The assimilation scheme performs well with 404 kg DM/ha of
average error (n=126 points) and a correlation coefficient of r=0.80 (to be compared to the 463 kg DM/ha and r=0.60 of the model performance
without data assimilation). Finally, the sensitivity of the herbage mass model estimates to the quality of the meteorological forcing (rainfall and net
radiation) is analyzed thanks to a stochastic approach.
© 2007 Elsevier Inc. All rights reserved.
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1. Introduction

Over the Sahel, the vegetation dynamics is mainly governed
by the pattern of rainfall distribution driven by the African
Monsoon system (Le Houérou, 1989). The soil moisture and
thus, the water availability to plant can vary largely over time
and space. From the end of the 60s to the mid-90s, the Sahel has
undergone an unprecedented drought (Le Barbé et al., 2002)
since rainfall has been recorded (i.e. early beginning of the 20th
century). The resulting decrease of vegetation production was
particularly problematic for local populations who remain on
subsistence farming (Mainguet, 1994). The region has become
the focus of scientific studies trying to understand the physical
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processes underlying this long drought. Charney (1975) first
hypothesized that the increase of the surface albedo in relation
with the decrease of vegetation cover could enhance this
drought through surface–atmosphere interactions. During the
HAPEX-SAHEL experiment, Taylor and Lebel (1998) argued
that rainfall amount during the rainy season could be higher
over vegetated surfaces than over bare soils because of
differences in water and energy fluxes at the soil–vegetation–
atmosphere interface. Vegetation characteristics are thus of
prime importance to study surface–atmosphere interactions
over Sahel (Nicholson, 2000). Moreover, vegetation production
is crucial for local population economy (Raynaut, 1997).

Estimation of above-ground herbage mass over the Sahel was
one of the first quantitative application of remote sensing
through empirical relationships established between vegetation
indices such as the Normalized Difference Vegetation Index
(NDVI after Tucker, 1979) acquired by the Advanced Very High
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Resolution radiometer (AVHRR) sensor and ground measure-
ments (e.g. Tucker et al., 1985). Although strong potentialities
were highlighted, these empirical relationships depend on local
conditions of the region where they were developed (soil
background, vegetation structure). Furthermore, these NDVI–
herbage mass relationships do not take into account the effects of
water and nutrient limitations on vegetation functioning (Lo
Seen et al., 1995; Prince, 1991). The use of radiative transfer
models, simulating the physics of interaction between the
electromagnetic waves and the surface components, associated
to inversion methods should be theoretically better suited to
retrieve a quantitative information on vegetation (Leaf Area
Index-LAI-, above ground biomass) from NDVI observations
(e.g. Kimes et al., 2000; Myneni et al., 1997). This approach has
been chosen by the MODIS team to extract Leaf Area Index
from measured reflectances (Knyazikhin et al., 1999). Con-
fronted to the need of a better understanding of surface
functioning, scientist have recently used remote sensing data
to control the trajectory of Land SurfaceModels (hereafter LSM)
thanks to data assimilation methods. For instance, Cayrol et al.
(2000) use the land surface reflectances acquired by the
VEGETATION instrument to constraint a Soil–Vegetation–
Atmosphere transfer model coupled to a model that simulates
vegetation growth. Assimilating optical remote sensing data into
LSM aims to improve the simulated vegetation characteristics.
Furthermore, the LSM also simulates other variables relevant to
the study of surface functioning like soil moisture profile or
water and energy fluxes.

The objective of this study is to estimate sahelian rangeland
production in Mali through assimilation of optical data into a
simple vegetation dynamics model (the STEP model: Mougin
et al., 1995). The method is based on an evolution strategies
algorithm used to determine some uncertain parameters of the
STEP model. Section 2 presents the data and the models used.
In Section 3, the NDVI calculated from the STEP model
coupled to the SAIL radiative transfer model are compared to
NDVI observations acquired by the VEGETATION sensor. The
assimilation algorithm is described in Section 4. In Section 5,
the results of data assimilation as well as the impact of
uncertainty on climate variables on the simulated herbage mass
are presented and discussed. Finally, conclusions and perspec-
tives are drawn in Section 6.

2. Data and models

2.1. The NDVI data set

The VEGETATION instrument on board SPOT4 (launched
on April 1998) and VEGETATION2 on board SPOT5 (since
February 2003) provide measures of land surface reflectance in
the visible and in the infra-red domains. These sensors offer a
daily global coverage with a spatial resolution of about 1 km2.
Reflectance measurements are performed within four spectral
window: blue (B0: 0.43–0.47 μm), Red (B2: 0.61–0.68 μm),
Near Infra-red (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
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0.3 pixel). Further details on the instrument characteristics can
be found in Achard et al. (1994) and Duchemin et al. (2002).
Changes in vegetation cover are inferred 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 higher the NDVI value, the higher the
green vegetation density is. Typical NDVI values range
between 0.1 and 0.7 for vegetated areas. The 10-day NDVI
products are synthetised following a Maximum Value Com-
positing procedure, or MVC (Holben, 1986) and distributed by
the Vlaamse Instelling voor Technologish Onderzoek (VITO,
http://www.vgt.vito.be/).

2.2. The study sites and the ground measurements

TheGourma region ofMali belongs to the Sahel and extends to
the south of the Niger River between Timbuktu and Gao down to
the border with Burkina-Faso (Fig. 1). The whole window
corresponds to one of the sahelianmeso-scale sites of the “African
Monsoon Multidisciplinary Analysis” (AMMA) international
program. It is mainly a region pastoral bracketed by the isohyets
500 and 150 mm. Rainfall distribution is strictly mono-modal
starting in June and ending in September with a maximum in
August. Rangeland vegetation is composed of a herbaceous layer
and a sparse woody plant population. The herbaceous layer is
dominated by annual plants of dycotyledon and graminoïd types.
Both species composition and herbage yield are strongly
influenced by the pattern and magnitude of rainfall events and
by the site geomorphology, which determines run-off and
infiltration (Hiernaux, 1984). Annuals germinate after the first
rains, in June or July, and unless the plants wilted before maturity
by lack of rain, the senescence follows the fructification matching
approximately with the end of the rainy season.

The study sites (1 km×1 km), located along a north–south
transect, cover the whole bioclimatic gradient of the sahelian
zone from the Saharo-sahelian to the Sudano-sahelian transi-
tions (Le Houérou, 1989). The soils are largely sandy (85–
95%). Vegetation data were collected on 13 rangeland sites from
1999 to 2004. Herbaceous cover, standing mass and species
composition were collected using a two-level stratified random
sampling design described in Hiernaux (1984) and Tracol et al.
(2006). Uncertainty on the cover and mass weighted means are
about 15%. Floristic composition is summarized by the
weighted contribution to cover of dycotyledons (%DYCT)
and of graminoïds (%GRAM=1-%DYCT), respectively.
Depending on the year considered, one to eight measurements
were performed over the growing season at each site. A rain
gauge is located over each site or in the nearest vicinity. Table 1
summarizes the geographic coordinates of each site and the
distance of the site from the nearest rain gauge.

2.3. The 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
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Fig. 1. Location of the Gourma region and the study sites.
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associated with herbaceous growth and soil water dynamics in a
sahelian environment. Processes of the soil–plant–atmosphere
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 ones are rainfall and global radiation.
Rainfall is measured on the sites whereas the other meteoro-
logical forcing are taken from the Morel (1992) atlas. 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). Water interception by
vegetation canopy is neglected regarding the low vegetation
cover fraction in this region. The soil water dynamics is
described using a simple 4 layer water bucket model (Manabé,
1969). STEP simulates on a daily basis the structural variables
of vegetation canopy (canopy height hc, green above-ground
herbage mass Bmx, Leaf Area Index LAIx, and vegetation cover
fraction Vcx; 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). The LAIx is calculated from the above
ground herbage mass Bmx following :

LAIx ¼ Bmx⁎SLAx ð1Þ

where SLAx is the Specific Leaf Area. SLAx is time dependent
for the green vegetation. Its value is high at plant emergence and
tends to decrease as plant matures.

Field measurements made on site 17 show that SLAg variation
over time can be well approximated by the following equation:

SLAgðtÞ ¼ SLAg0⁎expð�SLAgslope⁎tÞ ð2Þ

where SLA0 is the SLAg value at plant emergence, SLAslope
represents the exponential decrease speed and t is the time (in
days) from plant emergence. Graminoïds and dycotyledons
species are treated separately as they exhibit different behaviour:
SLA0 and SLAslope of graminoïds are higher than dycotyledons.
The corresponding fitted parameters are [223 g m−2, 0.0417] and
[160 g m− 2, 0.0145] for graminoïds and dycotyledons,
respectively. SLAd (for dry herbaceous vegetation) is assumed
constant and it is fitted at 144 g m−2 for both graminoïds and
dycotyledons.

A full description of the STEP model is given in Mougin
et al. (1995) and Tracol et al. (2006). The main equations of the
model are summarized in the Appendix.

2.4. The radiative transfer model

The reflectance of the observed scene for bands B2 and NIR,
ρscene
B2 and ρscene

NIR are modelled as the sum of the contributions
from bare soil, dry vegetation and green vegetation weighted by
their respective cover fractions:

qbscene ¼ Vcgdq
b
g þ Vcddq

b
d þ ð1� Vcg � VcdÞdqbs ð3Þ

where ρg
b, ρd

b and ρs
b denote the contribution of the green

vegetation canopy, the dry vegetation canopy and the bare soil,
respectively and where Vcg, Vcd and (1−Vcg−Vcd) are their
respective cover fraction. b is for band B2 or NIR. ρscene

B2 and
ρscene
NIR are computed at the mean wavelength of the VEGETA-

TION sensor spectral response function (i.e. 0.664 μm and
0.841 μm, respectively). This simplification has a negligible
impact on the simulated reflectance. Finally, The NDVI of the
observed scene NDVIscene is computed from ρscene

B2 and ρscene
NIR .

The contribution from the green vegetation component NDVIg,
the dry vegetation component NDVId and the soil component
NDVIs are computed from ρg

b, ρd
b and ρs

b, respectively, weighted
by their respective cover fraction given above.

The soil reflectance is calculated from the SOILSPECT
model (Jacquemoud et al., 1992). SOILSPECT simulates the
bidirectional reflectance of a bare soil from the angular response
of the soil and an albedo value (for the soil particles). The latter
governs the average level of reflectance. In this study, it is
retrieved by fitting the model on reflectance measurements of
bands B2 and NIR (associated to MVC NDVI) acquired during
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Table 1
Geographic coordinates of the 13 Gourma sites, their distance from the nearest
rain gauges, and the total number of herbage mass measurements (1999–2004)

Sites Latitude (°) Longitude (°) Distance (km) Number of measurements

01 16.76 1.89 13.8 9
02 16.73 1.88 17.2 8
04 16.57 1.78 36.9 9
05 16.50 1.80 44.2 9
10 16.02 1.51 30.3 12
12 15.97 1.28 16.9 (→2003) 11

2.25 (2004→)
14 15.89 1.27 8.9 11
17 15.34 1.48 24.9 (→2001) 26

0.0 (2002→)
18 15.33 1.55 18.3 (→2003) 16

5.3 (2002→)
19 15.32 1.70 3.7 (→2003) 19

1.6 (2004→)
25 15.00 1.54 37.2 (→2003) 9

6.0 (2004→)
30 14.95 1.52 43.0 (→2003) 9

11.6 (2004→)
31 15.23 1.58 15.4 (→2001) 15

2.4 (2002→)
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the dry season, assuming that the soils are totally bare from
December to May. The albedo values are estimated over each
site and each year and assumed constant during the season (e.g.
moisture content effects on the soil reflectance are not taken into
account). The parameters determining the angular response are
set to average values as the 10-day MVC composite doesn't
allow for a description of the complete Bidirectional Reflec-
tance Distribution Function of the soil on which these
parameters could have been fitted.

The canopy contribution is calculated by the SAIL
(Scattering by Arbitrarily Inclined Leaves) model (Verhoef,
1984). SAIL is a turbid medium model based on the radiative
transfer equations. The vegetation canopy is represented as an
infinite homogeneous canopy layer of depth hc composed of a
cloud of infinitesimal platelets (characterized by their optical
properties, their orientation and their density linked to LAI)
superimposed horizontally above a flat soil surface. Within this
study, the vegetation is represented as one layer composed of
green (photosynthetically active) or dead tissues. Associated
Leaf Area Index (i.e. LAIg and LAId for green and dead,
respectively) and canopy height are simulated by the STEP
model from green and dead herbage mass through Eq. (1). The
platelets are randomly orientated following a parameterized
Leaf Angular Distribution (LAD) function depending on the
average angle orientation θl. For green vegetation, θl is set in
order that graminoïds are associated to erectophile distribution
(θl = 61.3°) and dycotyledons to planophil distribution
(θl =28.5°). Dead vegetation is associated to a planophil
distribution independently of the plant functioning type. The
stems are neglected in the model. The version of SAIL used in
this study is SAILH that takes into account the hot spot effect
(Kuusk, 1985). The optical properties of the platelets are those
of the leaves which are calculated using the PROSPECT model

A

(Jacquemoud and Baret, 1990). PROSPECT computes the
hemispherical reflectance and transmittance of a leaf from a
mesophyll structural index N and its biochemical composition:
chlorophyll Cab (in g/m2), dry matter Cm (g/m2) and water Cw

(g/m2) contents. Further details on the coupling of the models
can be found in Weiss et al. (2001).

This coupling allows the STEP–SAILH–PROSPECT–
SOILSPECT models (hereafter STEP–RT, for “radiative
transfer”) to simulate land surface reflectances and NDVI. An
evaluation of this coupling is performed in the next section
preliminary to data assimilation.

3. The forward step: Simulating the NDVI time series

In this section, STEP–RT is evaluated in the forward mode
aiming at demonstrating that the coupled models are able to
simulate the seasonal and interannual dynamics of NDVI. The
PROSPECT model is fitted to leaf spectral signatures (Le
Dantec and Mougin, unpublished data) of 26 sahelian grasses
(green and dead leaf samples have been collected) by
minimizing the following cost function:

JðN ;Cab;CmÞ
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXkb1600gm

kN¼400gm
½ ŝðkÞ � sðk;N ;Cab;CmÞ�2

r

þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXkb1600gm

kN¼400gm
½ q̂ðkÞ � qðk;N ;Cab;CmÞ�2

r
ð4Þ

where τ̂ (λ) and ρ̂ (λ) are the measured transmittance and
reflectance functions at the wavelength λ, τ(λ,N,Cab,Cm)
and ρ(λ,N,Cab,Cm) are the corresponding simulated transmit-
tance and reflectance. The leaf water content Cw is not
considered as the fitting process is restricted to the visible and
the near infrared domains (Bacour, 2001). As a result, a
parameter set P=[N,Cab,Cm] is retrieved for each species. From
these, four average parameter sets which display significant
differences are calculated for green graminoïds Pgreen

gram , green
dycotyledons Pgreen

dycot, dead graminoïds Pdead
gram and dead dycoty-

ledons Pdead
dycot (Table 2). These values are in good concordance

with the measurements performed by Jacquemoud (1992).
The recorded percentage of dycotyledon contribution to cover
(%DYCT) is used to calculate a weighted average parameter set
for green foliage with:

Pgreen ¼ %DYCT d Pdycot
green þ ð1�%DYCTÞ d Pgram:

green ð5Þ

The same approach is applied to retrieve a weighted average
parameter set for dead foliage (P·

dead). Similarly, specific leaf
area parameters SLAg and SLAgslope are weighted by the
percentage of dycotyledon (%DYCT). Then, the simulated
herbage mass is fitted to available measurements by adjusting
two parameters controlling the vegetation growth in the STEP
model εCmax and Bmg0 (cf. Appendix for details) for each site.
Once fitted to the ground measurements, a good confidence can
be attributed to the simulated vegetation characteristics (Tracol
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Table 2
Value of the PROSPECT parameters for each herb type estimated from the
fitting of the PROSPECT model to measured spectral signatures of 26 sahelian
herbs species (both green and dead samples have been collected): N is the
mesophyll structural index, Cab is the chlorophyll content (μg/cm2) and Cm is
the dry matter content (μg/cm2)

Herb type N Cab Cm

Green dycotyledon 1.8 41.0 0.0182
Green graminoïd 1.3 49.0 0.0122
Dead dycotyledon 3.5 3.4 0.0213
Dead graminoïd 2.8 1.9 0.0213
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et al., 2006). Finally, STEP–RT is run using the weighted
averaged parameter set composed of P·

green, P
·
dead and [SLAOg,

SLAslope].
This concept of “effective” parameters set has been preferred

here to the approach that consists in running the model for
dycotyledons and graminoïds independently and computing the
weighted average of the simulated reflectances a posteriori
(which would have been more accurate for the non-linear
models used within this study). Nevertheless, the retained
approach leads to convincing results as shown below. In
addition, it reduces the number of parameters to be retrieved by
the data assimilation scheme and thus, the risk of “under-
determination” (Menke, 1984).

Fig. 2 shows the time series of NDVI acquired by the
VEGETATION sensor from January 1999 to December 2004 as
well as the simulations from STEP–RT (total observed scene,
the soil, the green vegetation and the dry vegetation
components). Three sampling sites belonging to different eco-
climatic conditions are chosen: site 01 which is representative of
Saharo-sahelian conditions (Fig. 2a), site 10 located about
100 km to the south of 01 the so-called ‘north Sahel’ region
(Fig. 2b) and site 17 located another 80 km to the south and
associated to core sahelian conditions (Fig. 2c). Table 3
summarizes the annual amount of rainfall as well as measured
above-ground herbage mass for each site. Site 01 is character-
ized by two months short rainy seasons; the measured herbage
mass expressed in dry matter (DM) is lower, on average, than
for site 17 and shows a high interannual variability with values
ranging from 200 kg DM/ha to 2000 kg DM/ha (Table 3). Over
the three sites, the NDVI time series exhibit a well known
behaviour over the Sahel (Lo Seen et al., 1995): a marked
seasonality with low and stable NDVI values during the dry
season (from November to May) and an annual cycle linked to
vegetation development during the wet season (from July to
September). The range of NDVI is lower at the northern sites
reflecting lower and more irregular rainfall events than at the
core sahelian site. The interannual variability of the signal
amplitude is also higher in the north.

The simulated NDVIscene fits well to the VEGETATION/
SPOT observations. Particularly at the peak, NDVI discrepan-
cies are lower than 0.1 except for year 1999 in site 01. Year
1999 was a very good rainfall season and the resulting
production measured at 2 tons DM/ha was exceptional. In this
case, the associated NDVIscene simulations strongly overesti-
mate the observations. Also, some shifts between simulations
and observations occur at the beginning of the growing season
such as a late or an early start of simulated vegetation
development and, hence, NDVIscene increase. Such delays
occurred for instance at site 17 in 1999 or at site 10 in 2004
where the simulated NDVIscene is three weeks late. Over site 01,
this behaviour is also present, but less pronounced, during the
years 2002 and 2003. Inversely, some simulated early
emergence for site 01 during the years 2000 and 2004, caused
by some irregular rainfall event at the beginning of June, lead to
simulated NDVIscene increase that is not observed on the
VEGETATION data. In the model, the seedling emergence is
controlled by the soil moisture content and, in fine, obviously
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by rainfall. These mismatches of simulated emergence may be
linked to measured rainfall. The lack of precision of rainfall
measurements is often due to a rain gauge dysfunction or the too
long distance of the rain gauge from the site. As reported in
Table 1, the rain gauges are not all located on the sites because
of logistic cost or accessibility problems during the rainy
season. Considering the high spatial variability of sahelian
rainfall characterized by violent and very localized convective
storms, particularly at the beginning of the wet season, observed
rain event at the rain gauge could not have occurred at the site
and inversely. The 10-day composite of VEGETATION data are
not suited for the monitoring of this short scale vegetation
development lasting less than 3 weeks. In addition, the simulated
decrease of NDVIscene after the NDVI peak does not match
systematically the observations. This NDVIscene decrease is
governed by the simulated variation of above ground herbage
mass linked to several factors including seed dispersion, litter
fall and herd grazing and trampling. Even if the herbage mass
peak is simulated accurately, the herbage mass during the dry
season may drift from reality because of the poorly modelled
degradation processes. Fig. 2 also highlights the negligible
contribution of dead tissues to NDVIscene during the growth
phase of the annual cycle. Stated differently, the coupled models
in the forward mode enable NDVI time series to be well
simulated until the LAIg peak even without taking into account
the contribution of the dead tissues. In practice, the dead
vegetation contribution is neglected as STEP–RT is used within
an assimilation process in which the number of parameters
should be minimal (Kimes et al., 2000). This simplification
necessarily introduces some errors. However, dead vegetation
NDVId is low and the impact of neglecting dead vegetation
should be minimal on active growth and peak masses and hence,
NDVIscene.

4. Description of the assimilation scheme

4.1. The assimilation scheme

The assimilation algorithm aims at estimating the uncertain
parameters of the STEP–RT model using the VEGETATION
NDVI (Fig. 3). Parameter values are assumed constant
throughout a season and hence, the assimilation scheme is run
independently from one season to another. Over each site,
STEP–RTsimulates a time series of NDVIscene that is compared
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Fig. 2. Comparison between NDVI observations (o) and the coupled STEP–SAILH simulations from January 1999 to December 2004: ( ) NDVI of the scene
observed; ( ) only the green vegetation NDVI; (– –) only the dry vegetation NDVI; ( ) only the soil NDVI. a, b and c correspond to site 1, site 10 and site 17,
respectively (see map on Fig. 1).
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to VEGETATION NDVI data thanks to a quadratic cost
function J:

JðPÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ðNDVIðtiÞ � HðP; tiÞ
CðtiÞ

� �2vuut ð6Þ

where P represents the vector of uncertain parameters, NDVI(ti)
is the VEGETATION NDVI at time ti, H is the non-linear
operator representing the forward integration in time of STEP
and the RT model to simulate the corresponding red and NIR
reflectances at the date of the observations from the surface
characteristics (LAI…) and from the SAILH parameters (Cab…).
State differently, H aims at projecting the parameter vector on to
the observation space. C(ti) is a non-stationary covariance
function aiming at giving more weight to the NDVI values
around the NDVI peak (which determines the peak in simulated
herbage mass). Only the observations performed during the
period of vegetation growth are considered. This period is
determined thanks to NDVI observations time series: the date of
the beginning of growth corresponds to an increase of NDVI for
two consecutive dates whereas the end of the growing stage is
taken as the 20th day following the date of maximum of NDVI.

The cost function minimization is carried out using an
evolution strategies (ES) algorithm (Rechenberg, 1973). Such
algorithms work on a population of potential solutions (named
individuals according to the genetic vocabulary) that will evolve
thanks to operators of mutation, crossover and selection. In the
frame of applications to remote sensing data assimilation, Jarlan
et al. (2005) have shown that this stochastic approach was
particularly well-suited to avoid local trapping caused by non-
linearities. It also allows uncertainties to be quantified on every
retrieved variables and parameters from all the potential solutions
evaluated by the algorithm. For this purpose, every solution
leading to a cost lower than the data noise is assumed to belong to
the acceptable solution domain and will be kept by the algorithm.
From the distribution of this ensemble, error-bars can be
calculated. Nevertheless, calculating the noise level of NDVI
observations is a difficult task as errors have several causes:
atmospheric interferences (water vapour and aerosols), sensor
calibration, geographical localization, soil background optical
properties… From all these potential sources of error, atmospheric
perturbations are certainly predominant and the most difficult to
estimate. For lack of reliable information, the threshold criterion
to keep acceptable solutions is empirically set to the minimum
cost found by the ES algorithm plus 50% of its value.

The ES algorithm used within this study is the so-called
“Evolving Object Library” (libEO hereafter) distributed under
the general public licence at http://eodev.sourceforge.net. It
allows for a free re-definition of every evolution operator
(Keijzer et al., 2001). Readers are encouraged to refer to
Michalewicz (1996) for an overview on ES algorithms.

The configuration of the algorithm is determined from
preliminary test (not shown) aiming to get the best tradeoff
between a quick convergence and the exploration of the whole

FT

http://eodev.sourceforge.net


Table 3
Rainfall amount and measured herbage mass for site 01, site 10 and 17 from
1999 to 2004

Year Site 01 Site 10 Site 17

Rainfall
(mm/
year)

Herbage
mass (kg
DM/ha)

Rainfall
(mm/
year)

Herbage
mass (kg
DM/ha)

Rainfall
(mm/
year)

Herbage
mass (kg
DM/ha)

Day Value Day Value Day Value

1999 285.8 270 2000 223.6 219 81 521.0 213 288
259 2045 257 1683

2000 235.2 246 662 261.7 244 291 360.0 211 262
243 1359
269 1142

2001 235.2 276 196 370.5 275 990 427.8 210 219
271 1997

2002 126.4 237 495 329.0 226 497 274.8 216 144
270 588 241 2180 229 510

266 1167 234 754
242 1231
251 1194
259 913
272 800

2003 156.0 240 370 382.0 241 367 430.8 196 214
272 469 271 1030 230 1476

239 1702
275 1255

2004 124.0 239 212 106.0 194 172 680.9 187 102
256 624 235 722 204 338

254 809 229 204
237 375
245 466
253 475
267 356
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parameter space. Following this test, the algorithm uses self-
adaptative mutation and elitism (the best parent belongs
automatically to the new generation of offspring). The parents
and offspring population size are set to 50 and the total number
of generation is also set to 50.

4.2. The parameters to be retrieved

The uncertain parameters of the STEP–RT model are
numerous: [N, Cab, Cm, SLAg0, SLAgslope] for the SAILH–
PROSPECT–SOILSPECTcomponent and 32 parameters of the
STEP model. The sole NDVI data set cannot be used to retrieve
all the parameters of the coupled models. In particular, certain
are "non-observable" by the instrument (Bennett, 2002). Here, a
simple Monte-Carlo sensitivity analysis is carried out to identify
the sensitivity of the simulated NDVI as a function of realistic
variations of the STEP–RT model parameters. The implemen-
ted sensitivity method used is a simplification of the Bastidas
et al. (1999) method where an ensemble of 100,000 simulations
(from stochastically drawn parameter sets) is computed. Each
member of the ensemble is compared to a reference simulation
using a cost function. The ensemble is split into a group
containing the acceptable simulations (with a cost lower than a
certain threshold) and a group composed of the remaining
simulations. If the distribution of one parameter strongly differs
from a uniform distribution in the group of acceptable solutions,
it is assumed that this parameter is sensitive. Among the 32
initial parameters, 7 parameters of the STEP model have been
found to have a significant impact on simulated Leaf Area Index
and thus, NDVIscene: the chlorophyll content of the leaves Cab

(that controls the red reflectance) being the sole parameter of the
SAILH model to be retrieved. Table 4 lists the free parameters
as well as their range of variations: εCmax, C3C4 and Bmg0
determine the growth rate and the herbage mass peak value.
HCr(1), Rss0 and Rssampl control the evaporation flux and thus,
indirectly, the soil moisture at root depth available for plant
development; SLAgslope is linked to the ratio between above
ground active herbage mass Bmg and green LAIg (see Eq. (2)).

It is important to underline that these 8 parameters have to be
retrieved from a small number of observations (on the order of
n). In practice, the parameters can be considered as degrees of
freedom to adjust NDVI observations. Thus, even if each
parameters is bounded to biophysically consistent range of
variations, values that could be compared to ground measure-
ments (such as %C3 or Bmg/LAIg relationship) shouldn't be
expected. However, the main objective being to simulate LAIg
and Bmg dynamics (that will be confronted to our ground
measurements), this drawback is not limiting for this study.

5. Results and discussion

The data assimilation algorithm is applied to 13 sites of the
Gourma region and 6 years from 1999 to 2004. The simulated
herbage masses with and without data assimilation are then
compared to available ground measurements. Simulated time
series of herbage mass, LAI and NDVI are firstly analysed over
three sampling sites. The scatterplot between simulated and
measured herbage mass over all sites are presented. Finally, the
sensitivity of the simulated herbage mass to the meteorological
data is analyzed.

5.1. Data assimilation results

First, it can be checked that the optimization algorithm is
successful in finding sets of parameters that minimize the cost
function (Fig. 4). The mismatch of emergence date in the
forward NDVI simulations (see Fig. 2) are partly corrected with
data assimilation (hereafter D.A.). For instance, the early (late)
increase of simulated NDVIscene for site 01 in 2000 (site 17 in
2003) has disappeared. This is attributed to the optimization of
the resistance to water transfer (parameters Rss0 and Rssampl)
that affects the root-depth soil moisture which controls the date
of seed emergence. Another interesting feature is the ability of
STEP–RT with D.A to reproduce the double NDVI cycle
certainly due to a period of high water stress (without rainfall)
for site 17 in 2004 (Fig. 4c). The fit to the observed NDVI peak
value is also improved (see site 01 in 1999 or site 17 in 2000).

Time series of simulated above ground herbage mass and
Leaf Area Index with and without D.A. (corresponding to a
STEP–RT run with a set of average parameters) are drawn for
site 01, site 10 and site 17 from 1999 to 2004 and compared to
ground measurements (Fig. 5). Site 17 corresponds to the
AMMA local site for intensive observations and is well
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Fig. 3. Overview of the assimilation algorithm. Forced by the meteorological data and an initial set of parameters, the STEP model simulates the LAI time series used
as input of the SAILH model. The associated simulated NDVI is compared to the VEGETATION data through a cost function J. If J is lower than the data noise level,
the parameter set is kept to compute an acceptable potential solution; if not, the evolution strategies algorithm proposes a new parameter set that is evaluated using the
same procedure. The search is stopped when the total number of generation is reached (50).

Table 4
List of the uncertain parameters of the coupled STEP–SAILH model to be
retrieved by the data assimilation scheme also with their range of variations and
the reference they were taken from

Parameters Name Variation Units Reference

Epsc0 Light use
efficiency

4–8 g
DM/MJ
PAR

Mougin et al. (1995)

C3C4 % C3 plants 1–95 %
Bmv0 Initial green

above-ground
herbage mass

1.0–30.0 kg DM/
ha

HCrVal(1) Field capacity
for layer 1

0.07–0.13 m3/m3

Rss0 Parameters for
the soil
resistance to
water transfer
Rss: Rss= f
(Rss0,Rssampl)

0–1000 s/m Camillo and Gurney
(1986)Rssampl 3000–9000 s

m2/m3

SLAgslope Parameter for
the time
evolution of
SLA (see Eq. (2))

0.007–0.08 day−1 Ground measurements
over sahelian species.

Cabv Chlorophyll
content of the
green leaves.

40–100 μg/cm2 Measured spectral
signature over
sahelian species.
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instrumented (meteorological data are measured on the site)
whereas sites 01 and 10 are far from meteorological stations
with automatic rain gauges located at 14 and 30 km from each
site, respectively. Better performances of the simulation
conducted without D.A. should thus be expected in site 17.
Indeed, good agreement is observed between simulated herbage
mass without D.A. and ground measurements for site 17
(Fig. 5c). The climate data are precisely known and the
simulations perform well by using parameters preset to average
values (without assimilation). As expected, when the simulation
is forced by the NDVI D.A. algorithm, only limited improve-
ments on the simulations are obtained for site 17 on the peak
herbage mass values. However, it is worth noting: (1) the
correction of the late development in 2003; (2) the simulated
decrease of herbage mass during the water stress period in 2004
(confirmed by the field measurements of herbage mass) that is
better caught by the model with D.A. (even if, later in the
growing season, the simulated herbage mass is strongly
overestimated). On the contrary, the agreement is not as good
for the two other sites (n° 01 and n°10) with the average
parameter set (Fig. 5a/b). In this case, D.A. improves markedly
the fit of simulated and observed herbage vegetation mass.
These improvements concern both the herbage masses peak
values (site 10 in 1999) and the correction of delay for the date
of emergence (site 10, 2000) and for the date of peak (site 10,
2001). For lack of available LAI measurements at the scale of
the VEGETATION observations (∼1 km2) during the period of
study, it can just be expected that the LAI simulations are also
improved with D.A.
The dispersion of acceptable solutions is represented by
whisker plots with minimum and maximum values at the two
extreme, the median value and the first and third quartile. The



Fig. 4. Time series of simulated NDVI (1999–2004) with ( ) and without ( ) data assimilation. Time series with data assimilation correspond to the optimal
solution (the one which minimizes the cost function). The domain of acceptable solution (associated to the acceptable domain plotted at Fig. 5 for L.A.I. and herbage
mass) is represented by the whisker plots. VEGETATION observations (♦) are also plotted: (a) Site 01; (b) Site 10; (c) Site 17 (AMMA super site).
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error bars for Leaf Area Index or Herbage Mass (Fig. 5) extend
to a large range of possible values, particularly at the peak of
herbage mass, whereas the range is narrower for NDVIscene
values (Fig. 4). This could be attributed to the relation between
herbage mass and Leaf Area Index through the Specific Leaf
Area. The NDVI is driven by LAIg with SLAg being a
multiplication factor between LAIg and herbage mass Bmg.
SLAg is dependent on the floristic composition with systematic
gaps between dycotyledons and graminoïds. The strong
variability of the floristic composition between sites and
between years precludes from setting SLAg value a priori or
even from adding a “first guess” information. Thus, the
assimilation scheme is let free to adjust the SLA parameteri-
zation (through the parameter SLAgSlope): it is able to find
freely a combination of LAIg and hc, modulated by the
chlorophyll content Cab, to get an acceptable NDVIscene fitting.
However, the results show that the stochastic approach (that
samples all of the parameter space) seems to be a good way to
make up for the high number of degrees of freedom: the median
and the optimal values of the ensemble of herbage mass
simulations are in better agreement with the field measurements
than the simulations without D.A.

When applied to all 13 sites and 5 years, data assimilation
improves overall model simulations with an RMSE of 435 kg
DM/ha and a correlation coefficient r equal to 0.78 to be
compared to the performance of the model without data
assimilation with RMSE=527 kg DM/ha and r=0.61 (Fig. 6,
Table 5). Furthermore, it corrects the bias of the model run with
preset average parameters which tends to systematically
underestimate the herbage mass (Fig. 6a). Improvement of the
relation is also significant when results are analyzed year by
year except for the year 2001 (Table 5). During this particular
year, the field measures took place late in the growing season (at
beginning of October). STEP model simulating poorly herbage
mass degradation processes, the statistical relation between
simulated (with D.A.) and measured herbage mass is improved
by eliminating the late measurements (after the 30th of
September): RMSE=404 kg DM/ha and r=0.80 (n=126
points) to be compared to RMSE=463 kg DM/ha and r=0.60
for the model without D.A.

5.2. Sensitivity to the climatic forcing

The uncertainties expected in simulated herbage masses have
several causes among which the NDVI noise (materialized by
the whisker plots of Figs. 4 and 5) as well as on the precision of
the climate variables. Spatialized applications of the assimila-
tion scheme to a larger region where the forcing variables won't

T



Fig. 5. Time series of Leaf Area Index and Herbage mass (1999–2004): with ( ) and without (– –) data assimilation. Time series with data assimilation correspond
to the optimal solution (the one which minimizes the cost function). The domain of acceptable solutions is represented by the whisker plots. Available ground
measurements of herbage mass ( ) have been superimposed: (a) Site 01; (b) Site 10; (c) Site 17 (AMMA super site).
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be as accurate as the one measured on the study site justify to
focus on the uncertainty from imprecise climate data. To assess
the sensitivity of the model, noise is artificially added to the two
main variables governing land surface functioning over Sahel
(Le Houérou, 1989): rainfall and global radiation. The global
radiation data derived from the Morel (1992) atlas are
contaminated by a 30% white noise (uniform distribution
around the atlas value) which is the typical level of noise that
can be expected for estimates derived from a remote sensing
instrument such as METEOSAT (Ba et al., 2001). Concerning
rainfall, the number of rainfall events per decade and the volume
of each event are stochastically modified in such a way that the
new distributions match the average statistics obtained from our
rainfall data base (see Jarlan et al., 2003 for details). The
assimilation scheme is run 500 times using different noisy
variables, and optimal (the one for which the NDVI cost is
minimized) herbage mass time series are kept.

The distribution of simulated herbage mass values are drawn
for three dates corresponding to ground measurements over site
17 during the year 2002; without and with data assimilation



Fig. 6. Scatterplot between simulated herbage mass and ground measurements without (Fig. 5a) and with (Fig. 5b) data assimilation.
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(Fig. 7). The shape of the distributions is mono modal and
standard deviations increase with herbage mass values.
Standard deviations of mean herbage mass at DOY 251 are
equal to 276 and 240 kg DM/ha with and without D.A.,
respectively. The lower dispersion with D.A. shows the positive
impact of adding information (from NDVI assimilation) to the
model narrowing the domain of prediction. As expected, the
means of distribution with D.A. move closer the field
measurement values (for instance, the averages at DOY 242
are 743-with–and 1325 kg DM/ha-without D.A.–versus a
measurement of 1231) except first measurements at the onset of
the growing season. Sensitivity to climate variables can also be
compared to the sensitivity to climate variables assessed from
the STEP simulations constrained by the assimilation of the
backscattering coefficient acquired by the wind scatterometer
instrument on board ERS (Jarlan et al., 2005). Using exactly the
same approach, the standard deviations of mean simulated
herbage mass distributions for microwave were slightly lower
despite the microwave observations being a priori less suited for
the monitoring of herbage mass than the NDVI. First, this could
be explained by the double sensitivity of the backscattering
coefficient to soil moisture and vegetation “density” and thus,
the capacity to address some constraint to both water and carbon
budget of the vegetation dynamics model. Second, the
backscattering coefficient is more directly sensitive to herbage
mass than NDVI, partly governed by the canopy leaf area. Thus,

RA
Table 5
Performance of the assimilation algorithm

1999 2000 2001

(n=18) (n=21) (n=

Without D.A RMSE 704 333 697
r 0.66 0.54 0.

With D.A. RMSE 601 412 451
r 0.70 0.84 0.

Comparison between simulated herbage mass with and without data assimilation (D
the validation approach based on herbage mass doesn't really
give honour to NDVI data assimilation. Unfortunately, LAI
measurements were unavailable during the period of study.
Finally, this last remark tends to encourage the use of multi-
spectral data assimilation systems where, for instance, micro-
wave observations could be devoted to the constraint of the
water budget whereas optical data could be used to control the
vegetation growth part of land surface models.

6. Summary and conclusions

An assimilation system aiming at improving the simulations
of herbage mass performed by a sahelian vegetation dynamics
model is presented. The observations used to control the model
are the Normalized Difference Vegetation Index acquired by the
VEGETATION instrument. The STEP land surface model,
specifically devoted to simulate the main land surface processes
governing the vegetation growth over the Sahel is firstly
coupled to the SAILH model (the coupled models are named
STEP–RT). SAILH is a radiative transfer model aiming to
simulate the land surface reflectance in the visible and the near
infrared domain of the electromagnetic spectrum. STEP–RT is
able to simulate the land surface reflectance of a sahelian scene
and thus allow their direct assimilation. It is firstly checked that
these coupled models allow for a realistic simulation of the
Normalized Difference Vegetation Index acquired by the

T

2002 2003 2004 All

19) (n=31) (n=28) (n=40) (n=157)

502 644 418 527
89 0.55 0.61 0.48 0.61

420 488 304 435
80 0.65 0.89 0.74 0.78

.A.) and available ground measurements.



Fig. 7. Distribution of herbage mass values at the date of ground measurements resulting from noisy climatic forcing (with data assimilation on the right; without D.A.
on the left). Results are for site number 17 and year 2002. Ground measurements are superimposed (dotted line). Mean and standard deviation (in kg DM/ha) are equal
to (237,87), (743,245), and (868,276) without D.A and (371,72), (1,325,203) and (1,434,240) with D.A. for the days of the year (DOY) 216, 242, 251, respectively.
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VEGETATION sensor on board SPOT4 and SPOT5. The
comparison of simulated and observed NDVI is performed over
three sites representative of the pastoral Sahel and over six years
covering very contrasted climatic conditions. It is shown that
STEP–RT is able to reproduce the main features of the NDVI
time series. In particular, the increase phase and the NDVI peak
match correctly the VEGETATION observations.

STEP–RT is then used within an assimilation process. The
assimilation algorithm is based on the identification of 7
parameters of the vegetation dynamics model and 1 parameter
of the radiative transfer model. This identification is performed
through the minimization of a cost function that measures the
distance between simulated and observed NDVI. The minimi-
zation is carried out thanks to an evolution strategies algorithm.
These algorithms used a semi-stochastic sampling of the
parameter space from which an overview of the domain of
acceptable solutions can be drawn. Simulated herbage masses
with and without data assimilation are compared to ground
measurements. It is shown that the data assimilation scheme
allows improving the model simulations in terms of herbage
mass as well as emergence date by reducing the delay between
simulated and observed NDVI. Overall, the comparison
between simulated and observed herbage mass with data
assimilation is characterized by an RMSE=404 kg DM/ha
and a correlation coefficient of r=0.80 (n=126 points). This
represents a strong improvement with regards to the model
performance without data assimilation.
Nevertheless, error bars on the retrieved herbage mass
(calculated from the ensemble of acceptable solutions found by
the evolution strategies algorithm) are large. This is attributed to
the uncertain relation between herbage mass and Leaf Area
Index. Finally, a sensitivity study of the herbage mass
simulation to the climatic forcing uncertainty, and in particular
to rainfall accuracy, is performed. Rainfall measurement is a big
issue over Sahel as most of rainfall events result from local
convective storm and hence, exhibit a high spatial variability. It
is shown from this sensitivity studied that uncertainty on
retrieved herbage mass is high and as high as the one of the
work of Jarlan et al. (2005) who used microwave backscattering
coefficient (from the ERS Scatterometer), a priori less suited for
the monitoring of herbage mass, to constraint the same
vegetation dynamics model. This large errors bar also underline
the need to develop multi-spectral assimilation systems to take
advantage of various remote sensing data set.
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Appendix A. Main equations of the STEP model

The STEP model is composed of two sub-models: carbon
budget sub-model (vegetation growth) that simulates the main
processes of the vegetation development (photosynthesis,
allocation, respiration, senescence) and the water budget sub-
model that simulates the soil water dynamic (runoff, percolation
and drainage) and the exchanges of water with the atmosphere
(water lost by soil evaporation and by plant transpiration).
Modifications from the previous version (Mougin et al., 1995)
are detailed below. Only the equations showing the parameters
to be retrieved by the assimilation algorithm are shown.

Carbon budget
The dynamics of the green above-ground mass Bmg and green

mass rootBr are described using a set of two differential equations :

dBmg

dt
¼ a1dadPSn þ a2dBmg ðA1Þ

dBr

dt
¼ a3dð1� aÞdPSn þ a4dBr ðA2Þ

PSn ¼ Pg � Rt ðA3Þ
where PSn is the net photosynthesis calculated as the difference
between gross photosynthesis Pg and respiration losses Rt, αi are
empirical parameters, α2 ·Bmg and α4 ·Br represents losses of
above ground and root mass, respectively, due to vegetation
senescence and a, the fraction of allocated above-ground part, is
calculated such that:

Br

Bmg
¼ 1:2

2þ 0:01dBmg
: ðA4Þ

The growth photosynthesis is expressed as:

Pg ¼ PARdeideCmax d f ðWlÞ d f ðTlÞ: ðA5Þ

Photosynthesis depends on the intercepted Photosynthetic
Active Radiation PARi, a maximum energy-conversion effi-
ciency, εCmax, one function of leaf water potential expressing
the effect of water limitation f(Ψl), and one function expressing
the effect of temperature limitation f(Tl). PAR·εi =PARi is the
Photosynthetically Active Radiation (part of the incoming
global radiation between 400 and 700 μm) that is intercepted by
plants. εi is linked to herbage mass Leaf Area Index. εi and
εCmax vary between 0 and 1.

The green LAIg is computed from the green herbage mass
Bmg through the Specific Leaf Area SLAg following Eqs. (1)
and (2) (see description of the STEP model in the main text).

DRA
Growth starts at plant emergence, the date of which is
calculated from the soil moisture content of the first 5 cm. If the
soil moisture content of the upper layer stay above the wilting
point (calculated from empirical relationship from the soil
characteristics), seeds emerge and vegetation growth begins.
The initial value of the above groundmass is set to Bmg0. Typical
values are comprised between 0.1 and 3 kg Dry Matter/ha.

The present vegetation is a mixture of two kinds of herbs
determined by their photosynthesis type (C4 and C3). The
percentage of the C3 grasses must be known. This percentage is
highly variable from one year to another.

The total vegetation cover fractionVct is computed from the total
Leaf Area Index LAI and the canopy extinction coefficient kc as:

Vcft ¼ 1� e�kcdLAIt: ðA6Þ
Water budget
The distribution on the soil profile is simulated according to

a “tipping-bucket” scheme (Manabé, 1969): water that pene-
trates the soil is assumed to fill the consecutive soil layers up to
field capacity FCi. The soil is composed of four layers. The soil
water content of layer i, Wi, is simulated following this set of
differential equations:

dW1

dt
¼ P � R� E1 � D1 ðA7Þ

dWi

dt
¼ Di�1 � Ei � Tri � Di ðA8Þ

if WiNFCi Di ¼ ðDi�1 � FCiÞ=Ki

else Di ¼ 0
ðA9Þ

where P, R, Ei, Di, Tri denote precipitation, run-off, evaporation of
layer i, drainage of layer i and contribution to transpiration of layer i
respectively. Ki represents the infiltration time constant of layer i.

Plant transpiration Tr and soil evaporation E are computed
following the Penman–Monteith equation (Monteith, 1965).
For this, the soil and canopy resistance to water vapour transfer
must be known. The soil resistance rss is calculated following
Camillo and Gurney (1986) from the water content of the upper
soil layer W1:

rss ¼ ad ðWsat �W1Þ � b ðA10Þ
with Wsat the soil water content at saturations and a and b, two
empirical coefficients. The canopy resistance is estimated as in
Mougin et al. (1995).
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