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Abstract 
The NOAA-AVHRR sensor provides daily acquisitions which may be used 
for vegetation growth monitoring. However, the coarse resolution of these 
data causes a problem of pixel heterogeneity. The pixel radiometric value is, 
in fact, a composition of individual responses from the different land covers 
found within the pixel's surface. In this paper we assume a linear relation. The 
simultaneous use of NOAA-AVHRR temporal series and of high spatial resolu
tion ground data makes it possible to estimate the pure NOAA reflectances in 
the visible and near infrared wavelengths for each vegetation type. These val
ues are then combined to compute the NDVI temporal profile which describes 
the seasonal cycle of the studied crops. The proposed method is applied on 
the region of Chartres in order to describe the major crops temporal behavior. 
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1 INTRODUCTION 

The use of remote sensing data for crop monitoring and yields assessment 
represents an active research area. The Advanced Very High Resolution Ra
diometer (AVHRR) digital data, available through the National Oceanic At
mospheric Administration (NOAA), represent one current available source for 
studying vegetation evolution at regional scale in Europe, North America, .... 
The principal applications are: growth monitoring, agricultural production's 
control, assessment of climate impact such as drought and frost. Most of these 
applications are based upon the use of vegetation indices computed by combin
ing spectral information; such as the Normalized Difference Vegetation Index 
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(NDVI) (Fisher 1994a). These indices are considered as qualitative indicators 
of different phenology stages. 

However the use of AVHRR data faces two major problems: the poor quality 
in terms of radiometric calibration, and the heterogeneity due to the low 
resolution pixel (1.1 km at nadir). 

Several researchers have been interested in studying the AVHRR coarse 
pixel's composition. To achieve this purpose, the most used approach consists 
in considering a linear mixture modelling of the pixel (Quarmby et al. 1992): 
each land cover type contributes to the measured signal with its own pure 
spectral response; and the coarse pixel's response can be modelled as the sum 
of the responses of individual land covers weighted by their area proportion. 
This model is described by two types of parameters: 

1. The individual response of each constituent (pure reflectance). 
2. The proportion of each constituent inside one pixel. 

The knowledge of one parameters' set is required to the estimation of the sec
ond one: area proportion computation (2) requires the knowledge of pure spec
tral responses (1) which can be provided by spectral libraries or can be evalu
ated from the images using ground data (Quarmby et al. 1992, Shimabukuro 
& Smith 1991, Cross et al. 1991). Conversely, pure spectral signatures (1) can 
be determined if area proportions are available, using also ground data (Fisher 
1994b). A. Fisher has been interested in retrieving individual temporal crop's 
behavior. She defined a semi-empirical model for the NDVI time profile over 
heterogeneous canopies. She applied this model to the Beauce agricultural re
gion in order to describe the behavior of winter and summer crops. In the same 
objective, we present a different way to determine temporal profiles of crops 
behavior. We focus our interest on the estimation of individual land covers 
signature by considering a linear modelling of pixel's reflectance and propose 
a numerical method based on an optimized learning process which makes use 
of a restricted number of pixels, and it provides a measure of estimation's 
accuracy for each land ·cover type. 

The paper is organized as follows. First, we describe the experimental site 
and data. Then in section 3, we introduce a numerical scheme in order to 
estimate accurately pure reflectances of land covers. In section 4, we interpret 
this estimation and we apply it for crop monitoring. Finally section 5 concludes 
with some discussions. 

2 DATA AND SITE DESCRIPTION 

The study site is centered around the city of Chartres, in France. This region 
has been selected because of two main properties satisfying our application 
requirem nts: 
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• It is a fairly flat region and we do not have to take account of the relief 
effects; 

• Agricultural fields have generally a large size, which allows the extraction 
of significant crop statistics. 

Data consist of: 

• Ground data: a classification image into thirteen land cover types: ur
ban areas, wood, water, fallow, and cultivations: cereals, colza, peas, .... 
This classification, based on ground knowledge and multi-spectral SPOT 
information, is provided at SPOT spatial resolution (20 meters); and is 
superposable to SPOT images acquired over the site. 

• Multi-temporal NOAA-AVHRR data: acquired during 1995, they 
represent a set of dates, between April 7th and November 12th, separated 
by irregular intervals. These images give measures in five spectral bands: 
visible, near infra-red, mean infra-red and two thermic infra-red bands. 
Only the two first channels (visible and near infra-red) are used for vegeta
tion monitoring. Before data exploitation preliminary steps are necessary: 
first, to localize the studied area on the AVHRR images (result in figure 1) 
and then process the raw data (see more details in (Berroir et al. 1996)) . 

. Figure 1 A NOAA image in the visible channel : the experimental site is the black 
quadrangle surrounded by a circle. It corresponds to the NOAA image in the left. 
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3 STATISTICAL ESTIMATION OF REFLECTANCES 

For estimating the linear model's parameters, classical scheme of linear re
gression is generally used (Puyou-Lascassies et al. 1992, Puyou-Lascassies 
et al. 1994). In this paper, we present a different numerical method where 
we focus on two main points: 

1. restricting the number of training pixels, because the amount of reliable 
NOAA data may be limited due to clouds and to different atmospheric 
conditions effects while the linear regression parameters estimation requires 
a lot of training pixels. Besides, using a restricted set of training pixels 
makes it possible to keep a test area (pixels which have not been selected 
for the learning process) for results validation. This validation proves the 
possibility of generalizing this study to other larger regions in the vicinity 
of the learning site. 

2. giving a measure of the estimation accuracy for each land cover type. 

Let us consider the linear model expressed by: 

N 

r;(t) = LPijRj(t). (1) 
j=l 

where r;(t) is the reflectance of the pixel i; Pii is the proportion of the pixel's 
area covered by the cover type j; Rj(t) is the reflectance we would expect to 
observe from a pixel of land cover type j; and N is the number of cover types. 

Knowing the Pij, the objective is to estimate Rj(t): 

• The Pii required to apply inversion process are obtained from ground data 
knowledge. In fact, each AVHRR pixel contains approximately 55 x 55 
pixels of SPOT resolution which can be localized by geometrical registra
tion. From this set of pixels we compute the land covers' ratio of different 
components inside the NOAA pixel. 

• Reflectances are computed by solving a linear system, with N equations, 
such as (1). Each equation is obtained by picking up a single NOAA pixel. 
In order to reduce numerical errors, we introduce a criterion to select the 
training pixels. So we pick up N random NOAA pixels, and compute the 
singular value decomposition of the matrix of Pii proportions. Let f.l-M and 
f.i-m be the maximal and minimal singular values. The matrix is considered 

as well behaved if the ratio I f.l-m I is greater than a given thresholds E [0, 1] 
f.l-M 

( s is chosen from experiments). If the criterion is not satisfied, we only 
retain estimated reflectances corresponding to singular values f1- such as 

l_i!:_l 2: s. 
f.l-M 
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• Such a system is solved for k random pickings of N pixels in order to 
improve robustness. The estimated reflectance Rj(t) is then the average 
value of the k results. 

Under the assumption that Rj(t) follows a normal distribution, we can com
pute a 5% confidence interval of the estimator which indicates if we accept 
the estimated Rj ( t) value or reject it. The statistical validation shows that 
estimation is, of course, more accurate for covers occupying significant areas, 
and if the weather conditions are clear. Estimation can be simply impossible 
if there are too many clouds. This is especially observed on the highly per
turbed images corresponding to images acquired in November. In this period 
almost no reliable data are available because of clouds, so the obtained results 
cannot be taken into account; they correspond to the plateau observed on the 
temporal reflectance's profiles (cf. figure 2 between the date indices 120 and 
140). The figure 2 displays: on the left, the estimated reflectance of cereals in 
the visible and the 5% confidence interval corresponding to it; on the right, 
the temporal reflectances profiles in the visible and near infra-red bands. 

i '" 

Coles 

Figure 2 Estimated NOAA reflectances of cereals. In the left: visible reflectance 
bounded by the 5% confidence intervals; in the right: temporal reflectance profiles 
in the visible and near infra-red. 

4 APPLICATION FOR CROPS MONITORING 

Many previous studies, such as (Moulin et al. 1995, Sellers 1987) proved sig
nificant relationship between crops photosynthetic activity and some indices 
derived from radiometric measurements in the visible and near infra-red such 



46 Part Two Ecological and Agricultural Applications 

as NDVI (Normalized difference Vegetation Index) which is a function of re
flectances Rvis and Rnir in the visible and near infra-red band respectively: 

NDVI = Rnir - Rvis 

Rnir + Rvis 
(2) 

The choice of this index to monitor vegetation phenology underlies on the fol
lowing principle: during the growth of vegetation the reflectance decreases in 
the visible band due to the absorption by chlorophyll pigments but it increases 
in the near infra-red band because of radiation scattering by leaf structure. 
During senescence period the opposite phenomenon is observed. As a matter 
of fact, the seasonal cycle begins with a rapid increase of NDVI corresponding 
to crop growth until it reaches an asymptotic value. Then with the senescence 
period the NDVI decreases to a value that we can consider the same as that 
of bare soil (Fisher 1994a, Fisher 1994b). 

We use this index for monitoring crops in the Chartres site. The major 
crops of this region are cereals which represent 49.5% of the total area, spring 
peas (11%), winter colza (7%). The remaining surface is occupied by wood 
(13.66%), urban areas (5.96%), fallow (3.35%) and other minor land cover 
types with ratio less than 2.5%. Only land covers occupying sufficient areas 
have been taken into account during the estimation process. For these studied 
crops the NDVI time profile is computed using the estimated reflectances as 
explained in the previous section. The resultant NDVI curves correspond to 
the general shape describing the seasonal cycle. They are characterized by 
three phases: growth, maturity and senescence. 

In order to interpret the obtained temporal behavior of the studied crops, 
it is interesting to show the correspondence between months and the date 
indices. In fact the NOAA image sequence that we use contains 144 dates, 
ranging from 7 April to 12 November, and separated with irregular time in
tervals as represented on figure 3. 

April M•y June July August Sep October Nov 

<- -><-- -- ->--<---- ->-<- ------ --~-------->:<-- ~-------~-->: 

0 20 27 40 46 60 76 80 100 101 lll 120 137 144 

Figure 3 Date axis. 

The major crops of the site are winter and spring crops, Their reflectances' 
time profiles are rather close. In fact, the first period of April and May cor
responds to the growth step. In this period the NDVI reaches its maximal 
value which remains stable during June. Then, with the yellowing of leaves 
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Cereals 

Dates Dotes 

Figure 4 The NDVI temporal profiles corresponding to seasonal cycle of cereals 
and peas. 

and the approach of harvest period, the NDVI decreases. These observations 
show that the obtained results are in accordance with the classical seasonal 
cycle of the studied crops. 

5 CONCLUSION 

The temporal vegetation monitoring requires the analysis of vegetation in
dices, such as NDVI. In order to compute this index, we estimate visible and 
near infra-red reflectances using simulaneously high spatial resolution (ground 
data at SPOT spatial resolution) and NOAA high temporal resolution data. A 
direct least square estimation of linear regression parameters can be applied 
to perform the estimation. However, this method requires a lot of training 
pixels. This condition may be an handicap in our application case, because 
we are interested in performing local study which may be generalized on dif
ferent other sites. Accordingly, we introduced a particular learning process in 
which we make a careful choice of training pixels, in order to obtain a well 
behaved numerical scheme with a reduced number of pixels. Also, our method 
provides a measure to characterize estimation accuracy for each land cover. 

The estimated reflectance signatures obtained in the visible and near in
frared are used to compute the NDVI time profiles which describe crops be
havior. The results analysis allows a good understanding of the process related 
to vegetation growth and the monitoring of seasonal cycle of crops. 
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