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Abstract

A methodology is described to use spectral signatures as indicators of the vegetative status in rice paddy cultures. Ground

cover and leaf area index (LAI), considered as indicators of above-ground biomass, and were measured in the ®eld using

indirect techniques of digitized close-range vertical photography and Licor 2000 instrument readings, as well as direct

destructive sampling. Simultaneously, ®eld re¯ectance values were collected over speci®c spectral bandwidths using a hand-

held radiometer. Several vegetation indices were derived from these spectral measurements and their predictive power

(individually or in combination) with respect to ®eld-measured ground cover and LAI quanti®ed. The additional effects of

plant chlorophyll content, paddy depth, water sediment load, and bottom layer color were also investigated. None of these

variables added signi®cantly to the predictive power of the models. The models were re®ned for intra-seasonal variability and

a new growth-stage-dependent variable improved the models' predictive capabilities.

The results demonstrated that the monitoring of paddy rice crop status by means of its spectral signatures appears very

promising. # 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

According to the FAO, rice is the most important

world food crop. In 1993, rice was the principal food

consumed by about 2.9 billion people living in 33

countries and was one of the ®ve major foods con-

sumed by a further 700 million people living in

another 35 countries (FAOSTAT, 1998). Resolving

the speci®c problems in monitoring paddy rice

remains a crucial factor in outlining an ef®cient water

management policy in dry areas. Instantaneous esti-

mates of biomass production can play an important

role in arranging water distribution and irrigation

requirements.

Good indicators of biomass production are ground

cover (proportion of ground area covered by leaves)

and leaf area index (LAI, the one-sided proportion of

leaf area per unit ground area). Good estimates of

actual biomass, ground cover and LAI have been

derived from spectral measurements (Bouman et al.,

1992; Leblon et al., 1991; Clevers, 1989). Predictive

models of crop status (production and phenology)

based on remotely sensed information, are potentially
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useful because:

They allow fast, non-destructive and relatively

cheap characterization of crop status (Bouman,

1995).

Model outputs (LAI, ground cover, . . .) can be

used in growth simulation models (ten Berge et al.,

1995).

Spatial extrapolation to regional level using

satellite imagery becomes feasible, for example

rice (Ishiguro et al., 1993).

Model results are objective and repeatable.

The study of various biophysical plant features by

remotely sensed data is complex, because the re¯ec-

tance of a vegetative canopy is determined not only by

plant morphology and phenology but also by soil

characteristics (Huete and Jackson, 1985), irradiation,

observation angle, and atmospheric condition. In order

to maximize the contribution of vegetation re¯ectance

information and to minimize the effects of exogenous

factors, several vegetation indices (VIs) were devel-

oped during the last decades (Wallace and Campbell,

1989). Vegetation indices are based on the premise

that the spectral behavior of vegetation is correlated

with distinct biophysical processes and characteris-

tics. Red light, for example, is strongly absorbed by

chlorophyll, resulting in small re¯ectance values.

Very-near-infrared (VNIR) energy, on the other hand

is strongly re¯ected due to micro-cellular structures in

leaf material. The focusing of the multispectral signal

by combination of responses in different spectral

regions, in the format of a ratio, or as a linear

transformation, may therefore yield a more accurate

estimate of biophysical plant parameters while redu-

cing the impact of exogenous factors.

Though this research deals primarily with remotely

sensed data obtained by a hand-held radiometer, for

which atmospheric and viewing geometry effects are

negligible, VIs remain valuable because they compen-

sate for or stabilize variations in soil characteristics

and irradiance.

One of the ®rst operationally implemented VIs was

the Rouse vegetation index, RVI (Rouse et al., 1973):

RVI � rir

rr

(1)

where rr is the red re¯ectance and rir the VNIR

re¯ectance.

RVI was later modi®ed to the normalized difference

vegetation index or NDVI by the same authors (Rouse

et al., 1973):

NDVI � rir ÿ rr

rir � rr

(2)

Both RVI and NDVI are based on the marked contrast

between low re¯ectance of healthy green vegetation in

the visible red and high re¯ectance in the VNIR

regions, which is nearly absent in the spectral behavior

of soils.

To correct further for soil interferences, Wiegand

and Richardson (1987) introduced the perpendicular

vegetation index or PVI, also, requiring bare soil data:

PVI �
����������������������������������������������������
�rir ÿ rir;s�2 � �rr ÿ rr;s�2

q
(3)

where rr,s is the red re¯ectance of a bare soil and rir,s

the VNIR re¯ectance of a bare soil. PVI calculates the

deviation of the re¯ective signal of vigorous vegeta-

tion that is less sensitive to the underlying soil type.

The weighted difference vegetation index or WDVI

(Clevers, 1989) normalizes speci®cally for soil moist-

ure in¯uences:

WDVI � rir ÿ
rir;s

rr;s

 !2

rr (4)

Various models have been developed to correlate these

VIs with relevant crop biophysical characteristics such

as ground cover and LAI. Kumar and Montheith

(1981), Steven et al. (1985) and Gallo et al. (1985)

demonstrated a strong correlation between the inter-

cepted fraction of photosynthetically active radiation

(Fpar) and RVI or NDVI. Casanova et al. (1998)

proposed the following model to link Fpar to LAI:

Fpar � 1ÿ eÿKxLAI (5)

where K is the extinction coef®cient.

A serious limitation of this model is the need to

determine K empirically for the various growth stages.

The Clevers leaf area index by re¯ectance (CLAIR)

model (Clevers et al., 1991) establishes a direct rela-

tionship between WDVI and LAI according to the

following formula:

LAI � ÿ1

a
1ÿ WDVI

WDVI1

� �
(6)
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where a is the constant and WDVI1 the asymptotic

(with respect to LAI) threshold value for WDVI.

A similar limitation exists as with the previous

model: both a and WDVI1 must be determined

empirically.

Paddy rice differs from other crops in that the

¯oodwater may affect the spectral re¯ectance. This

prohibits the unconditional use of VIs for monitoring

rice biomass production (Patel et al., 1985; Gilabert

and MeliaÂ, 1990a,b). As primary objective, the present

study will study the relationships between paddy

rice spectral information and its ground cover and

LAI. Additional objectives were to quantitatively

de®ne the impact of biophysical parameters such as

water depth, water clarity, water background color,

plant chlorophyll content, rice cultivar, nitrogen treat-

ment, on these relationships. The results refer to

models that depict the relationship between spectral

data collected with a hand-held radiometer and above-

ground biomass of paddy rice crops, but where posi-

tive, the link to satellite-based spectral data will be

investigated.

2. Methods and material

2.1. Research site

This study was carried out at the Ndiaye region in

Northern Senegal (168130N±168150W) on ®elds of

WARDA, the West African Rice Development Asso-

ciation. The climate is semi-arid with a long dry

season (mid-November±mid-July), a short rainy sea-

son (mid-July±mid-November) characterized by a low

and irregular rainfall, and an average growing period

of less than 75 days. The region holds a major

potential for irrigated rice, due to abundant water

resources from the Senegal river and the clayey char-

acter of the alluvial. Consequently, over 78% of the

agricultural land in the Senegal River Delta is occu-

pied by paddy rice Oryza sativa L., with average

yields of 4±4.5 t/ha.

2.2. Experimental design

The experimental design comprised 22 square

(10 m� 10 m) paddy plots of uniform soil texture

(Fig. 1), selected to meet the following objectives:

1. The range of dependent variables, LAI and ground

cover, is broad enough to allow development and

testing of robust relationships.

2. Values for rr,s and rir,s (Eq. (3)) and their ratio

(Eq. (4)) can be derived.

3. The dependence of the models on rice cultivar can

be tested.

4. The in¯uence of water turbidity and water depth

can be determined.

5. The impact of bottom layer color and leaf

chlorophyll content can be veri®ed.

6. Models solely based on spectral information can

be tested for their predictive power against models

comprising mixed (spectral and biophysical) data.

Sixteen plots were used in a ®rst modeling exercise

(objectives 1, 3, 4 and 6), two in a second (objective 2),

and four in a third (objective 5).

Rice seedlings, which had been initially grown in

pots for 21 days, were transplanted to all experimental

plots on 11 August 1997. In the ®rst exercise, eight

plots were planted with rice cultivar Sahel 108 and

eight with cultivar Jaya, at an inter-row distance of

20 cm. To broaden the variability of the measured

variables, four different N treatments were applied: 0,

60, 120 and 180 kg/ha. The fertilizer was applied at

speci®ed phenological stages of rice in fractions of

60 kg/ha each. Thus for 60 kg N/ha, a single dose was

applied once the rice was growing vigorously after

transplanting (vegetative status). For the 120 kg N/ha

input, an additional 60 kg dose was applied around

primary panicle development (reproductive stage).

For the 180 kg N/ha input, a third 60 kg/ha dose

was given at the beginning of the maturation stage.

Thus for each cultivar there were two plots with the

same N input. The separating factor between the two

replicates at the time of data collection, however, was

the water turbidity level. In one of the two plots,

sediments (soil) were stirred prior to measurement.

In the other, the plot was left undisturbed.

The second trial was set up to create a `̀ water line''

analogous to the soil line concept (Clevers, 1989). One

of two non-cropped plots (water layers) had its water

layer disturbed by agitation at the time of data collec-

tion, resulting in a suspended sediment load. The other

remained clear. Red and VNIR re¯ectances were

measured weekly and a regression line was ®tted in
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two-dimensional space. The depth of the water

layer was varied between 5 and 25 cm, as the work

of Casanova et al. (1998) pointed to the in¯uence of

water depth on VNIR re¯ectance.

The third modeling exercise addressed the effect of

background soil color on spectral measurements in

¯ooded crops. Two plots had their soil covered with

white, two others with black plastic sheets. Of each,

one was planted with rice (Sahel 108, 60 kg N), the

other was not.

2.3. Data collection

The measured parameters could be grouped into

three categories. First, those used to establish basic

relationships between spectral information and bio-

physical status (a±c). Second, those intended to con-

tribute to a re®nement of the basic relationships (d and

e). Third, those used to verify the statistical signi®-

cance of the effect of paddy rice background color on

these relationships (f). All parameters, except for (f),

were measured weekly between 18 August (trans-

planting date) and 20 November 1997 (harvest date).

They encompassed.

2.3.1. Re¯ectance

Measurements were taken with a hand-held multi-

spectral Cropscan radiometer (Cropscan Inc, 1993).

Although the instrument collected information in

eight separate spectral channels, we used only channel

5 (centered at 0.66 mm) and channel 8 (centered at

0.81 mm) as red and VNIR inputs to the computation

of the various VIs (Eqs. (1)±(4)). Single readings

were always taken horizontally to the canopy and at

Fig. 1. Experimental design.
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2 m above the ground between 9:00 and 10:00 h, the

latter to avoid hotspot effects occurring mostly from

11:00 and 15:00 h. They were done at six ®xed sample

points towards the middle of the plot in order to

minimize variability and edge effects. There were

no wind effects on leaf angle, leading to different

spectral responses, during the period of measurement.

2.3.2. Leaf area index

As described in the manual (Licor, 1992), LAI

cannot be measured with the Licor LAI-2000 when

soil cover is small just after transplanting. The LAI-

3000 (Licor, 1990) was therefore used to directly

measure leaf area, following destructive sampling

and this in very young, open rice canopies (LAI below

a critical value of 1). Five plants per plot, representing

a ground area of 0.2 m2 were randomly selected. All

leaves were removed from the plants and immediately

scanned by the LAI-3000.

For more developed canopies (LAI > 1), an indir-

ect method was applied using the LAI-2000 (Licor,

1992). This instrument contains ®ve concentric optical

detectors, which measure the spherical distribution of

light. The ratio of above to below light intensity

measurements, corresponds to the probability of

non-interceptance of light by the canopy. Based on

a Poisson light distribution model, and the assump-

tions of randomly distributed, randomly oriented and

absolute absorbing foliage, this probability is con-

verted to LAI.

2.3.3. Ground cover

An estimate of ground cover (ratio of area covered

by vegetative biomass over total area) was derived

from 35 mm photography using a 38±60 mm zoom

lens. The camera was mounted, downward facing, on a

horizontal arm at a height of 2 m above the sampling

point so that its coverage was about 1 m2. The nega-

tives were digitized using a 35 mm slide scanner at

560 dots per inch for a resolution of approximately

2 mm. This resolution allowed identi®cation of fea-

tures with minimum dimensions up to 5 mm. This

allowed identi®cation of features with minimum

dimensions up to 5 mm, considered acceptable for

this study. IDRISI software (Idrisi, 1997) was used to

classify the digital photographs in the binary classes

`̀ vegetation present'' and `̀ vegetation absent'' using a

maximum likelihood classi®cation routine. The ratio

of `̀ vegetation present'' pixels to total number of

pixels provided the estimate of ground cover.

2.3.4. Chlorophyll content

Sunlight is mainly absorbed by chlorophyll, so,

inclusion of chlorophyll content to any model relating

spectral information to biophysical data might

strengthen its descriptive and predictive potential.

The SPAD-502 instrument (Soil-Plant Analysis

Development Section, Minolta, Osaka, Japan) was

used to determine chlorophyll content of rice leaves.

An average value per plot was derived from ®ve plants

per plot and three leaves per individual plant.

2.3.5. Paddy characteristics

Because of the characteristic properties of water in

terms of absorption, transmittance and re¯ectance of

solar energy, depth and turbidity (sediment load) were

assessed in every data collection cycle. A ruler was

used to measure water depth at the same six points per

plot used for the Cropscan data collection. Water

clarity was categorized as either undisturbed or dis-

turbed.

2.3.6. Background color

Because the signi®cance of background color

(related to soil type) in paddy rice plot models was

unclear, a third independent trial was added to the

experimental design (Fig. 1). The values of this vari-

able were bright and dark, obtained by attaching

respectively a white and black plastic to the paddy

soil, so that they laid at the bottom of the water layer.

2.4. Data analysis

In the ®rst phase, analysis consisted of establishing

relationships, via least squares linear regression pro-

cedures, between measures of LAI and/or ground

cover (dependent variables) and spectral measure-

ments of VIs (independent variables). Signi®cance

tests for categorical variables (rice cultivar, water

turbidity, paddy background color, N treatment) were

included to evaluate if additional data sets were war-

ranted. In the second phase, the explanatory power of

additional parameters was investigated by a stepwise

regression. A ®rst group of such additional parameters

comprised the biophysical properties leaf chlorophyll

content and paddy depth. A second set consisted of the
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individual spectral channels of the Cropscan instru-

ment which were used to compute the VIs.

These variables were introduced together with the

VIs as independent variables in a forward stepwise

regression, with the C(p) coef®cient (Neter et al.,

1996; Salvador and Pons, 1998) as criterion for rank-

ing the independent variables and the F-statistics as

descriptor of the sequential variation-explicative

power of the independent variables. Two-way inter-

actions for simple correlation were included as well in

the analysis. This stepwise procedure allowed formu-

lating models that explained the maximum overall

variability but not necessarily comprised the predictor

variables with the highest F-scores. The stepwise

procedure also corrected for multicollinearity between

variables through their removal from the model.

Casanova et al. (1998) found that a two-step model

linking spectral information in the form of VIs (via

Fpar) to LAI was only possible by introducing a

growth-stage coef®cient (extinction coef®cient K in

Eq. (6)). This suggested the need for an analogous

variable derived from the available data set. Such a

variable must capture the spectral shifts associated

with the development of the rice crop, especially since

Gilabert and MeliaÂ (1990b) have shown a large intra-

seasonal temporal variability of the spectral response

of ¯ooded rice using Landsat Thematic Mapper

data. We therefore derived similar temporal spectral

pro®les from our Cropscan spectral database, and

grouped these according to development stage as

observed in the N fertilization trial. Each stage was

assigned a group number characterizing the growth-

stage-dependent variable. Ultimately, the variable

was included in the stepwise regression for model

improvement.

3. Results and discussion

3.1. VIs and ground cover

Fig. 2 presents the time course of ground cover for

Sahel 108 with turbid ¯oodwater over the entire

growing season for four N fertilization levels. It did

not correspond with the expected ascending trend,

with saturation at maturity, in any of the experimental

plots.

Regression analysis between ground cover and the

vegetation indices RVI, NDVI, PVI and WDVI con-

®rmed the trends found by Casanova et al. (1998),

though less explicitly: Casanova reported adjusted

R2's to be larger than 0.67 for all cases, while values

found in this study ranged between 0.27 and 0.68 only.

To allow direct comparison, models identical to those

Fig. 2. Temporal pro®le of ground cover (GC%) during one growing season (N1±N4 are nitrogen treatments).
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of Casanova were used, i.e. third-order polynomial

and logarithmic models for RVI and NDVI, respec-

tively, and simple linear models for PVI and WDVI.

Fig. 3 summarizes the regression plots with their R2's.

The ®nal data set for modeling consisted of the data of

16 paddy plots (trial 1) with clear and disturbed water

conditions, as no statistically signi®cant difference

(P < 0:5) was found between turbidity treatments

nor between the two cultivars.

For the PVI computations, rr,s and rir,s were

assigned the values of the non-cropped plots (trial 2)

averaged over the growing season. The ratio rr,s/rir,s in

the WDVI equation was computed as the slope of the

`̀ water line'' (in this case 0.62) elaborated in the

second trial from the non-cropped clear and disturbed

paddy plots.

The lower correlation coef®cients found compared

to those of Casanova may be related to the fact that

Casanova did not de®ne ground cover by digital

processing of vertical downward photography, but

by Fpar ceptometer measurements. The former meth-

odology, has a serious drawback, while the choice of

training image segments for classi®cation is photo-

speci®c, which may have added unwanted variability

to the data. Finally, only one single photo was col-

lected per paddy plot, meaning that sampling density

was limited to 1% of the plot area (m2 out of 100 m2).

As the quality of ground cover data could not be

warranted, in further modeling only LAI, measured at

a much higher level of precision, was used as inde-

pendent variable.

3.2. VIs and LAI

The course of LAI over the growing season, mea-

sured in trial 1, was smoother and more consistent than

the one of ground cover (Fig. 4): LAI continuously

increased with time, with a saturation towards matur-

ity. Moreover, the effect of various N fertilization

levels was clearly distinguishable.

A logarithmic transformation of LAI allowed for a

linear regression analysis between the various VIs

variables and LAI. The adjusted R2 values and the

regression plots presented in Fig. 5, show that the

Fig. 3. Regression plots between ground cover (GC%) and RVI, NDVI, PVI, WDVI.
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Fig. 4. Temporal pro®le of LAI during one growing season (N1±N4 are nitrogen treatments).

Fig. 5. Regression plots between LAI and RVI, NDVI, PVI, WDVI.
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NDVI-, PVI- and WDVI-based models explained

about twice as much variability as the RVI-based

model. However, no signi®cant difference in predic-

tive power could be demonstrated between the former

three indices.

To study the in¯uence of rice cultivar, water tur-

bidity, paddy depth, background color and N treat-

ment, generalized linear model (GLM) multiple

regression procedures (SAS, 1989) were applied.

Table 1 summarizes the resulting P-values. Neither

one of the four independent variables contributed

signi®cantly to the model's goodness of ®t, though

two variable combinations were signi®cant at the

a � 0:05 level: turbidity for the LAI±WDVI linear

relationship and paddy background color for the LAI±

NDVI linear model. Moreover, a parallel analysis on

the data of trial 3 con®rmed that the spectral response

of paddy water was independent of its background

color. We consequently pooled all data of trial 1

irrespective of rice cultivar, paddy background color,

N treatment and water turbidity.

3.3. The log(LAI)±VI model and other predictor

variables

Other independent variables tested were water

depth and average leaf chlorophyll content (ordinal

data). Though the VIs used here, inherently encom-

pass data from the red and VNIR bands, ratios may

obscure information that is speci®c to either of these

spectral channels alone. Therefore, the variables `̀ red

re¯ectance'' and `̀ VNIR'' were as well used as inde-

pendent variables.

Table 2 shows the results of the forward stepwise

regression. The VNIR, the VI, the leaf chlorophyll

content, red re¯ectance and paddy depth were ranked

analogously, except in the WDVI-based model, where

the red re¯ectance was not included. Remarkably, in

two cases out of three VNIR was ranked before the VI.

Probably, the positive correlation between LAI and

Table 1

P-values for the categorical variables `̀ turbidity'', `̀ background

color'', `̀ cultivar'' and `̀ N treatment'' in a GLM multiple

regression procedure with the various VIs as independent and

log(LAI) as dependent variable

P-value

Turbidity Background

color

Cultivar N treatment

RVI 0.0697 0.0563 0.1074 0.3188

NDVI 0.0631 0.0425 0.3469 0.7713

PVI 0.8551 0.9461 0.0617 0.0936

WDVI 0.0483 0.9534 0.2167 0.1567

Table 2

Stepwise regression results between log(LAI) and explanatory variables red, VNIR, chlorophyll content, paddy depth

Step Variable entered

and removed

Number in Partial R��2 Model R��2 C(p) F Probability > F

(a) NDVI

1 VNIR 1 0.828 0.828 924.18 5529.61 0.0001

2 NDVI 2 0.045 0.873 379.28 411.54 0.0001

3 RED 3 0.021 0.895 126.59 230.01 0.0001

4 CHLORO 4 0.009 0.904 12.78 115.02 0.0001

5 PADDYD 5 0.000 0.905 6.00 8.78 0.0031

(b) PVI

1 VNIR 1 0.828 0.828 238.47 5529.61 0.0001

2 CHLORO 2 0.010 0.838 156.29 74.22 0.0001

3 RED 3 0.015 0.854 36.51 118.41 0.0001

4 PVI 4 0.002 0.856 19.80 18.46 0.0001

5 PADDYD 5 0.002 0.858 6.00 15.80 0.0001

(c) WDVI

1 WDVI 1 0.836 0.836 157.82 5851.72 0.0001

2 CHLORO 2 0.015 0.851 36.55 119.76 0.0001

3 VNIR 3 0.002 0.854 21.31 16.98 0.0001

4 PADDYD 4 0.002 0.856 5.00 18.31 0.0001
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VNIR, was accentuated because the low LAI values in

the beginning of the growth cycle (corresponding to

VNIR values) were reduced even more by the extreme

VNIR absorption of the open water surface. The

presence of algae on the water surface, on the other

hand, could explain the inconsistent behavior with

respect to red re¯ectance, which may have led to a

weakening of the correlation where ratios were

involved. Moreover, the explicative power of ¯ood-

water depth was demonstrated to be weak, and there-

fore this variable was omitted from further analysis.

Leaf chlorophyll content as well explained only a

small surplus in variance (R2 increase of 0.01±

0.025). It was omitted from further analysis (see

Section 4) because (1) the present research was a

preliminary phase to the development of models

derived from spectral measures made from space-

based sensors; (2) its small predictive power does

not justify the enormous costs of its assessment.

3.4. Creation and inclusion of a growth-stage-

dependent model variable

Fig. 6 illustrates the separation of the pooled data of

trial 1 into three clusters, differentiated according to

rice crop development: vegetative, reproductive and

maturation stages (see also Section 3.1). The spectral

behavior of group 1 resembles that of a ¯oodwater

layer, which can be explained by the open canopy

structure. Three weeks after transplanting, spectral

observations had moved into group 2. Here, very-

near-infrared absorption by the water layer was

decreased rapidly and VNIR values increased with

increasing crop cover. Moreover, total chlorophyll

content strongly increased, causing a reduction in

red re¯ectance. Group 3 corresponds to mature and

senescent rice crops with decreasing chlorophyll

content (shift to higher red re¯ectance). The wider

variability in group 3 was due to different N treatments

resulting in different moments of senescence and thus

of chlorophyll content.

Statistical canonical discriminant analysis per-

formed in SAS (SAS, 1989) con®rmed the visual

cluster differentiation both for the pooled data as

for the data per N treatment. In both cases group

numbers (1±3) were introduced as a classi®cation

variable. To enhance the accuracy of the discriminant

analysis process, data were added on the blue (cen-

tered at 0.46 mm) and green (centered at 0.56 mm)

re¯ectance to the quantitative dataset.

The multivariate statistic probabilities in Table 3

demonstrate that the group mean values are identical

in a four-dimensional space. The three groups can

therefore statistically be distinguished using the group

number as classi®cation variable. The canonical struc-

ture con®rms that the VNIR re¯ectance (highest

Fig. 6. Temporal variability of all spectral data.
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absolute value) supports the discrimination (maxi-

mized by CAN1) best. According to the class means

sub-table, the following canonical variables separated

groups maximally: CAN1 for group 1 vs. groups 2 and

3, and CAN2 for group 3 vs. groups 2 and 1.

The inclusion of the growth-stage-dependent vari-

able `̀ group number'' to the log(LAI)±VI/red/VNIR

model resulted in an increase of adjusted R2's up to a

maximum of 0.93 (Table 4).

The same procedures were applied to the data of the

four N treatments separately, with the same results as

for the pooled dataset. This observation corresponds to

the weak explicative power of the variable `̀ N treat-

ment'' demonstrated previously. Crop status variabil-

ity due to different N treatments is explained by the

different spectral indices, whereas an additional vari-

able that directs the spectral indices in temporal space

results in better predictive models.

Table 3

Summary of the CANDISC procedure for the pooled data (group number: classi®cation variable; blue, green, red, VNIR: quantitative

variables)

Statistic F-value Num DF Den DF Probability > F

Multivariate statistics and F-approximations (S � 2; M � 0:5; N � 569:5)

Wilks' lambda 0.18661 375.07 8 2282 0.0001

Pillai's trace 1.04228 310.70 8 2284 0.0001

Hotelling±Lawley trace 3.13212 446.32 8 2280 0.0001

Roy's greatest root 2.67329 763.22 4 1142 0.0001

Total canonical structure

CAN1 CAN2

Red 0.83147 0.53283

Green 0.43286 0.76418

Blue 0.73551 0.31035

VNIR ÿ0.94317 0.25613

Group Class means on canonical variables

CAN1 CAN2

1 2.85176 ÿ0.08885

2 ÿ0.99429 ÿ0.32682

3 ÿ0.62182 1.72490

Table 4

Multiple regression output with log(LAI) as dependent variable and as independent variables: red, VNIR, group number

Source DF Sum of squares Mean square F-value Probability > F

(a) NDVI

Model 5 1357.17 271.43 3056.58 0.0001

Error 1141 101.32 0.08

Adjusted R2 0.930

(b) PVI

Model 5 1336.59 267.31 2502.02 0.0001

Error 1141 121.90 0.10

Adjusted R2 0.916

(c) WDVI

Model 4 1334.93 333.73 3084.19 0.0001

Error 1142 123.57 0.10

Adjusted R2 0.915
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3.5. Model adaptability to space-based remote

sensing

The present study demonstrates that further

research on adapting models making use of spectral

information to predict paddy rice crop status to satel-

lite-based sensors is warranted. However, its useful-

ness depends on the spectral, temporal and spatial

resolution of the satellite sensor as well as on the

objectives of using these satellite sensors (e.g. for

inter-seasonal vs. intra-seasonal monitoring, for water

management purposes vs. yield prediction purposes,

. . .). Although this study proved that only spectral

information furnishes information on the vegetation

properties of paddy rice, i.e. LAI and growth-stage

(irrespective of N treatment), extrapolation to satel-

lite-level still will require ground measurements. For

example, ground measured re¯ectances will be needed

for satellite sensor data calibration, GPS readings for

georeferencing satellite images and a certain amount

of LAI-measurements for continuous cross-veri®ca-

tion. Still, we believe that the intrinsic advantages of

satellite-based crop monitoring (i.e. monitoring crops

on a regional scale, resulting in a high cost-effective-

ness) will compensate for the latter drawbacks.

4. Conclusion

Our results demonstrated that spectral information

can provide acceptable estimates of LAI where it

concerns paddy rice cultures. This does not hold for

ground cover, which was probably due to inaccuracy

in ground cover ®eld data collection.

The presence of a ¯oodwater layer affected rela-

tionships between LAI and spectral� biophysical

parameters only in one way: probably due to the

occurrence of algae on the water surface of the ¯ooded

paddies (which is also often the case in real world

situations), the single VNIR band explained more

model variability than NDVI, PVI and WDVI.

The relationships were not affected by rice cultivar,

paddy background color, N treatment, water turbidity

level and ¯oodwater depth. Average leaf chlorophyll

content contributed signi®cantly, although not

strongly, to model predictive power. The inclusion

of a categorical growth-stage-dependent variable,

derived from the temporal variability of red/VNIR

spectral signatures of the paddy rice, improved the

models signi®cantly. The predictive power of this

variable was not affected when it was derived for

each N treatment separately.

Though re¯ectances were grouped arbitrary (based

upon the visually discernable stages of rice crop

development), it is possible to implement this in a

more rigorous manner based on the phenological

stages of rice as described by Yoshida (1981).

However, models developed in the present study

can serve as a basis for developing satellite-based

paddy rice monitoring systems.
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