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The time of forcing of spatial LAI to crop models at single or multiple stages is important to simulate crop
biomass and yield in varying agro-climatic conditions and scales. The high temporal resolution (5-day)
by Advanced Wide Field Sensor (AWiFS) on-board Resourcesat-1 Satellite IRS-P6 with 56 m spatial
resolution and large swath (740 km) has substantially increased the availability of regional clear sky
optical remote sensing data. The present study aimed at developing empirical vegetation index VI-LAI
models for wheat using AWiFS optical data in four bands and in-situ measurements sampled over ﬁve
diﬀerent agro-climatic regions (ACRs) during 2005–2006 followed by validation during 2006–2007. While
nonlinear relations exist for all the three normalized indices such as normalized diﬀerence vegetation
index (NDVI), normalized diﬀerence water index (NDWI) and Green NDVI, linear relation was the best
ﬁt for ratio vegetation index (RVI). Both NDVI and RVI models generally showed better correlation
ranges (0.65–0.84 for NDVI and 0.37–0.76 for RVI) than other indices. The common NDVI-LAI model
was found to produce lower root mean square errors (RMSE) between 0.5 and 1.1 from pooled model than
those between 0.5 and 1.32 from regional models. The rate of substantial increase in errors from NDVILAI model (RMSE of modelled LAI: 0.85 to 1.28) as compared to RVI-LAI model (RMSE of modelled
LAI: 1.12 to 1.17) at LAI greater than 3, than below 3 revealed the early saturation of NDVI than RVI.
It is therefore recommended that LAI estimates can be used to force crop simulation model upto early
vegetative stage based on NDVI and maximum vegetative to reproductive stages based on RVI.

1. Introduction
Leaf area index (LAI), deﬁned as the one sided
green leaf area per unit ground area, quantiﬁes the

amount of foliage area that controls evapotranspiration and photosynthesis as well as contributes
to biomass (Maas 1991; Bonan 1993; Nemry et al
1996; Liu et al 1997). The assimilation of accurate
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spatial LAI into crop models is important in simulating crop biomass and yield under varying agroclimatic conditions and spatial scales. This can be
done through ‘forcing’ or interim correction of simulated LAI (Moulin et al 1998; Parihar and Oza
2006). The LAI forcing can be done at a single critical crop growth stage or multiple growth stages. Insitu measurements of crop speciﬁc LAI over large
area are not routinely measured in farmers’ ﬁelds in
India but available from experimental trials in the
farm plots based on the focus of speciﬁc research
objectives. Satellite observations at various spatiotemporal scales in the optical wavelengths can
be converted to retrieve surface reﬂectance and
vegetation indices (VIs). These can be further
used to estimate LAI either by developing simple
empirical relationships (Brown et al 2000; Cihlar
et al 2002) or through canopy reﬂectance simulation using complex physical models (Kuusk
1998; Knyazikhin et al 1999). Though regular tiled
products of LAI/FAPAR (Fractional Absorbed
Photosynthetically Active Radiation) are available at landscape scales (∼1 km), from MODIS
(http://modis.gsfc.nasa.gov); these are more useful
for assimilation into climate models or to study the
biogeochemical cycles. These products are of less
use to yield modelling because of moderate resolution except extensive homogeneous crop patches,
where crop classiﬁcation does not introduce much
error.
Field scale crop LAI estimation was carried out
earlier using ﬁner resolution data (23.5–30 m)
from the LANDSAT (Wiegand et al 1979; Price
1993; Price and Bauch 1995) and, IRS-1D LISSIII (Chaurasia et al 2006; Pandya et al 2003;
Rastogi et al 2000; Singh et al 2005) satellite sensors. However, the swath width of 141–185 km and
low temporal resolution of 16–25 days limit the use
of these data for regional scale study due to cloud
cover especially over the tropics (e.g., India) at the
time of the overpass. The Advanced Wide Field
Sensor (AWiFS) on-board IRS-P6 has a 56 m spatial resolution with large swath width (740 km)
and a 5-day revisit period. The increase in temporal resolution provides more opportunity of getting
clear sky satellite data for a given location. This,
in turn, facilitates to widen the scope of multiple
forcing through satellite-based large area crop LAI
estimates to crop models (Sehgal 2001; Oza et al
2008).
Wheat (Triticum aestivum and T. durum) is
the pre-dominant winter cereal in India accounting for 55% of the country’s total food grain production. Wheat is grown during November to May,
with crop duration of between 120 and 145 days
depending on the agro-climatic regions (ACRs).
In the Trans-Gangetic Plain (TGPR), Western
dry (WDR), Upper Gangetic Plain (UGPR), and

Middle Gangetic Plain (MGPR) regions, wheat
is sown between October and December whereas
in the cental plateau and hill region (CPHR), it
is sown between October and November (CMIE
2002). In MGPR and CPHR, wheat is harvested between February–May and February–
April, respectively while in WDR and UGPR it is
harvested between March and May. In TGPR the
harvesting time is April–May (CMIE 2002). The
growth response of wheat varies a lot across the
ACRs depending on the genetic make-up of the cultivars, climate, soil and topographical variability.
The average district wheat yield varies from 1000
to 5000 kg ha−1 .
The earlier VI-LAI relationships were developed
by sampling over a particular location within an
ACR (Pandya et al 2003; Chaurasia et al 2006).
These models could not be extrapolated to other
ACRs. There is a strong need to develop ACR speciﬁc VI-LAI models or a common model sampled
from a variety of locations spread over diﬀerent
ACRs. The present study aims at developing and
testing zone speciﬁc as well as common VI-LAI
emipirical models for wheat crop using optical data
from the AWiFS satellite sensor. Diﬀerent VIs from
multispectral data have been used for this purpose
because of the basic assumption that some algebraic combination of the remote sensing data can
tell us something useful about the state of the vegetation cover (Baret and Guyot 1991; Liang 2004)
in this case the LAI.

2. Characteristics of study regions
Five diﬀerent agro-climatic regions including six
major wheat growing states (Punjab, Haryana,
Rajasthan, Bihar, Uttar Pradesh and Madhya
Pradesh), were considered for the study. The details
of agro-climatic regions, the soil types, the wheat
cultivars and the phenophases, ground measurements and satellite overpass dates are summarized in table 1(a and b). Four to ﬁve homogeneous patches of wheat of more than 90,000 m2
(300 × 300 m) were selected for in situ measurements in each agro-climatic region. The radial distance between two patches was kept more than
25 km. On a given day, wheat could be at different phenological stages over diﬀerent patches
depending on the sowing date. In TGPR, wheat is
normally grown in large contiguous patches with
patch size more than 4–8 ha (equivalent to 12–25
AWiFS pixels) and is under irrigation. The sowing
dates for diﬀerent regions are also given in table
2(a). The ﬁeld observations were taken in such a
manner that all heterogeneity was captured
within and across the agro-climatic region. The

Loamy

Sandy loam, loamy

Loamy alluvial

Alluvial, black and
medium black
Clay loam and black

1st two weeks of November–
2nd two weeks of December

15 November–15 December

TGPR (Punjab, Haryana)

UGPR (Uttar Pradesh)

Malviya, Raj, Kundan,
PBW343, UP 365/361,
343, 373

5
15 November–15 December
MGPR (Bihar)

6

8
1 November–15 December
WDR (Rajasthan)

15

Malviya, UP262, Lok1,
PBW234
WH542, PBW502, WH343,
HD2329 LH343
WH542, PBW502, WH343,
HD2329 LH343

Crown root initiation–tillering
ﬂowering
Crown root initiation–tillering
ﬂowering–milking
Crown root initiation–tillering
ﬂowering, soft dough
Crown root initiation to tillering
Flagleaf to vegetative
Soft dough to seed initiation
Crown root initiation,
leaf jointing, heading
9
1–15 November

C-306, Lok1, WH147

1115

locations of ﬁeld measurements are shown in
ﬁgure 1.

CPHR (Madhya Pradesh)

No. of districts
sampled
Sowing dates
Agro-climatic regions (states)

Table 1(a). Details of ﬁeld observations, site characteristics and wheat growth stages.

Variety of wheat

Growth stages

Soil type

Development of regional wheat VI-LAI models

3. Methodology
3.1 In situ Measurements
In situ measurements of LAI were taken using
an LAI-2000 Canopy Analyzer (LICOR Inc.
Nebraska). The LAI-2000 canopy analyzer is a
portable ﬁeld instrument simultaneously measuring diﬀuse radiation by ﬁsheye technique, with the
optical sensors arranged in concentric rings in ﬁve
distinct angular bands, with central zenith angles
of 7◦ , 23◦ , 38◦ , 53◦ and 68◦ . The basic technique
of the measurement involves measuring the sky
brightness from a leveled sensor above the canopy
and the second measurement below the canopy,
with the sensor viewing towards sky (Welles and
Norman 1991).
A border area of 70 × 70 m was left from all four
sides as shown in ﬁgure 2. The central unshaded
square was divided into four quadrants. Five sets
of measurements were taken within central location of each quadrant and at the center of unshaded
square area. Each of such ﬁve sets of measurements
included one above and ﬁve below the canopy by
using proper shielding. The ﬁve below-canopy measurements comprises of three within the row and
two between the rows. The border area was left
out to minimize the border eﬀect on crop growth
and ensure the homogeneity of the measured patch.
Thus, an eﬀective area of 160 × 160 m was used for
LAI measurements that approximately represents
3 × 3 AWiFS pixels measuring 168 × 168 m. The
mean of ﬁve replicates represent LAI for a given
patch on a given day. These were later used for
model development and validation.
3.2 Scene selection
AWiFS images acquired only under the clearest
sky conditions with average horizontal visibilities
of 20 km (using observations from nearest IMD
stations) were considered. To undertake a detailed
atmospheric correction, a spatial map of aerosol
optical depth (AOD) is required. The scale of operational MODIS global AOD is 1◦ × 1◦ and, therefore, may not be suitable due to scale mismatch for
this speciﬁc data. An improper value of AOD may
lead to erroneous surface reﬂectance and lead to
improper results. It has also been reported that for
clearest atmospheric conditions the VI from topof-atmosphere (TOA) reﬂectance are equivalent
to those derived from surface reﬂectance (Liang
2004). Thus the TOA reﬂectance was used for
further analysis.
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Table 1(b). Details of ﬁeld observations and satellite data acquisitions for the analysis.
Agro-climatic regions
(states)
CPHR (Madhya Pradesh)

WDR (Rajasthan)

MGPR (Bihar)

Dates of clear AWiFS
coverages
12 December 2005
29 January 2006
12 December 2006
5 January 2007
17 February 2007
13 March 2007
14 January 2006
21 February 2006
25 December 2006
23 January 2007
16 February 2007
6 January 2006
25 January 2007
18 February 2007
9 March 2007

TGPR (Punjab, Haryana)

9 January 2006
2 February 2006
3 March 2006
13 January 2007
2 February 2007
26 February 2007
22 March 2007
4 January 2007
28 January 2007
21 February 2007
17 March 2007

UGPR (Uttar Pradesh)

10 January 2006
3 February 2006
10 January 2007
3 February 2007
27 February 2007
23 March 2007

Period of ﬁeld
campaign
12–16 December 2005
25–29 January 2006
12–16 December 2006
4–8 January 2007
5–9 February 2007
11–14 March 2007
11–15 January 2006
21–23 February 2006
24–26 December 2006
23–25 January 2007
15–17 February 2007
6–8 January 2006
5–7 February 2006
6–8 March 2006
24–25 January 2007
14–15 February 2007
7–8 March 2007
3–5 January 2006
31 January–2 February 2006
7–8 March 2006
9–10 January 2006
26–28 February 2006
9–11 January 2007
2–4 February 2007
26–28 February 2007
22–24 March 2007
3–5 January 2007
27–29 January 2007
20–22 February 2007
16–18 March 2007
2–4 January 2006
2–4 February 2006
1–3 March 2006
8–12 January 2007
31 January–3 February 2007
26 February–2 March 2007
19–23 March 2007

CPHR: Central plateau and hill region; WDR: Western dry region; MGPR: Middle Gangetic
Plain region; TGPR: Trans-Gangetic Plain region; UGPR: Upper Gangetic Plain region.

3.3 Computation of reﬂectance
The digital number (DN) in green (0.52–0.59 μm),
red (0.62–0.68 μm), near infrared (NIR) (0.77–0.86
μm) and short wave infrared (SWIR) (1.55–1.7
μm) bands of AWiFS were converted to at-sensor
radiance using equation (1)
LTOAi (λ) =

(DNi (λ) − oﬀset)
Gain

(1)

LTOAi (λ) is the at sensor TOA radiance in
Wm−2 sr−1 μm−1 of ith pixel for a given band (λ),

DN represents digital number of ith pixel. The
TOA radiance can be converted into TOA reﬂectance as:
πd2 LTOAi (λ)
(2)
ρ=
E0 (λ) cos(θs )
where, ρ is the TOA reﬂectance, d is the mean
sun–earth distance correction factor, E0 is the exoatmospheric solar irradiance (Wm−2 μm−1 ), and θs
is the solar zenith angle in radian. The solar zenith
angle was generated from the image header information. The E0 values were computed using the
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Table 2(a). Exponential model [LAI = a* exp(b*V I)] coeﬃcients for wheat LAI
estimation using three normalized indices over diﬀerent ACRs.
Model coeﬃcients
ACRs

Vegetation indices

a

b

R2

CPHR

NDVI
NDWI
Green NDVI

0.078
0.402
0.135

5.362
5.464
6.260

0.72
0.70
0.67

UGPR

NDVI
NDWI
Green NDVI

0.049
0.215
0.102

7.370
8.610
8.140

0.79
0.72
0.79

TGPR

NDVI
NDWI
Green NDVI

0.019
0.148
0.088

7.370
7.370
6.988

0.71
0.60
0.60

WDR

NDVI
NDWI
Green NDVI

0.138
1.135
0.213

4.823
2.979
5.424

0.84
0.61
0.83

MGPR

NDVI
NDWI
Green NDVI

0.162
0.782
0.247

5.179
3.294
6.259

0.65
0.37
0.58

relative spectral response data for the green, red,
NIR and SWIR AWiFS detectors as outlined by
Pandya et al (2007).

and SWIR bands. The formulae used were as
follows:
NDVI =

3.4 Computation of vegetation indices (VIs)

NDWI =

Homogeneous wheat patches comprising 3×3
pixels over the measurement sites were marked as
region of interest (ROI) on AWiFS scene using
Geographical Positioning System (GPS) (Magellan NAVDLX-10) co-ordinates and Survey of India
(SOI) topographic maps. The Normalized Diﬀerence Vegetation Index (NDVI) (Rouse et al 1974),
Normalized Diﬀerence Water Index (NDWI) (Gao
1996), GreenNDVI (Gitelson et al 1996) and Ratio
Vegetation Index (RVI) or Simple Ratio (SR)
(Pearson and Miller 1972), were computed using
combinations of reﬂectance (ρ) in green, red, NIR

Table 2(b). Linear model [LAI = a ∗ RV I + b] coeﬃcients
for wheat LAI estimation over diﬀerent ACRs.
Model coeﬃcients
ACRs

a

b

R2

CPHR
UGPR
TGPR
WDR
MGPR

0.743
1.569
0.714
0.850
0.896

−0.964
−2.374
−0.669
−0.846
−0.890

0.76
0.72
0.37
0.76
0.67

ρNIR − ρred
ρNIR + ρred

(3)

ρNIR − ρSWIR
ρNIR + ρSWIR

(4)

GreenNDVI =
RVI =

ρNIR − ρgreen
ρNIR + ρgreen

(5)

ρNIR
ρred

(6)

with the exception of RVI which is a ratio index,
all other VIs are normalized indices. The choice
of NDVI and RVI is based on the increased contrast in spectral reﬂectances in red and NIR bands
with increase in leaf area and canopy growth. However, RVI is more contaminated by background
soil reﬂectances than NDVI at early growth stages
(Liang 2004). The NDWI is basically sensitive to
changes in canopy water content as compared to
pigments and mesophyll structure. It was found
that the incorporation of SWIR band reduces the
background eﬀect (Zheng and Moskal 2009). Moreover, NDWI is directly correlated to canopy dry
matter development upto ﬂowering stage which is
an indicator of leaf area development specially in
cereal crops (Yi et al 2007). The uncertain space
weathering sometimes deteriorates band speciﬁc
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Figure 1. Left side ﬁgure shows the distribution of sampling locations (◦ 2005–2006 used for development of model and
 2006–2007 used for validation) and right side ﬁgure shows the corresponding agro-climatic regions (ACRs). 1. TGPR,
2. UGPR, 3. WDR, 4. CPHR, and 5. MGPR.

ﬁlters in the satellite sensors which are beyond control to rectify. Therefore, LAI models based on VIs
from all combinations of four bands are required to
be prepared to use them judiciously for operational
crop forecast. A comparative evaluation of these
models based on diﬀerent VIs is needed to judge
the diﬀerent aspects of their usability. Regression
models were developed between the measured LAI
and diﬀerent vegetation indices for wheat over different ACRs separately, as well as with pooled
datasets. The ﬂowchart for the generation of LAI
is given in ﬁgure 3.

3.5 Geo-registration and wheat mask generation

Figure 2. Field sampling design showing the locations of
ﬁeld measurements in dark circles within a 300×300 m
selected wheat patch.

Template geo-referencing of the AWiFS image was
adopted with reference to (2◦ × 2◦ ) LISS (Linear
Imaging Self Scanner) III tiles through VADS
(Value Added Data Software) developed by the
Signal and Image Processing Group (SIPG) at
Space Applications Centre (SAC). The software

Development of regional wheat VI-LAI models
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Clearest
AWiFs Scene

Reflectance
Image

VI Image

GeoRegistered VI
Image

LICOR – 2000
Canopy Analyzer

Multidate
AWiFs Data

Hierarchical
decision Tree
classification

LAI
Measurements

VI-LAI model

Wheat
Crop
Mask

LAI Map

Figure 3. Flowchart for the generation of LAI map.

accepts base template data from 2◦ × 2◦ tiles in
‘Tagged Interleaved File Format’ (TIFF). The base
IRS-1D LISS III (∼24 m) subtiles were obtained
from RSDB project (Rajak et al 2006). The master LISS III image in ‘Tiﬀ’ format was transferred
to the VADS software to prepare a geo-referenced
template of the AWiFS image. The multidate data
were co-registered with the AWiFS master image
with a root mean square error (RMSE) within ±0.5
pixels. The wheat crop mask generated using multidate AWiFS data and a hierarchical decision rule
classiﬁer as a part of National Wheat Production
Forecast (NWPF) project (Oza et al 2006) was
used in this study.

4. Results and discussion
4.1 VI-LAI empirical models
The 2005–2006 data were used to develop the
empirical relationships between the VIs and the
ground measurements of LAI. An exponential relationship was found to be better than a linear relationship for the three normalized indices (NDVI,

NDWI, GreenNDVI). The model coeﬃcients (a, b)
and the correlation coeﬃcients for three normalized VI over diﬀerent ACRs are summarized in
table 2(a). However, a linear relationship appeared
to show a better correlation than an exponential
relationship for the RVI. The model coeﬃcients
(a, b) for the linear model between RVI and LAI
are given in table 2(b) for the diﬀerent ACRs.
Among all the VIs, RVI and NDVI were found
to have consistent higher correlation as compared
to other indices. NDVI produced a relatively better correlation (R2 = 0.65–0.84) over all the ACRs
as compared to RVI (R2 = 0.37–0.76). With less
plant density, RVI is highly sensitive to background
soil reﬂectance as well as canopy growth stages
(Nayak 2005). Moreover, it is also most sensitive
to atmospheric haze and topography. The NDVI is
the commonly preferred index for extracting biophysical properties of vegetation, because it is relatively insensitive to background soil reﬂectance,
and is less aﬀected by atmospheric conditions and
topographical variations. There is a relative disadvantage of NDVI saturation at higher LAI values (Smith et al 2005) as compared to RVI which
mean that NDVI is not appropriate in the discrimination of high-density covers (Srinivas et al
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6

6

y = 0.138exp(4.82x)
R² = 0.84

WDR

y = 0.739x -0.653
R² = 0.62

Ground measured LAI

C PHR

4

Ground measured LAI

5
5

y = 0.078exp(5.36x)
R2 = 0.72

y = 0.049exp(7.37x)
R2 = 0.79

UGPR

3
TGPR

y = 0.019exp(7.37x)
R2 = 0.71

MGPR

y = 0.255exp(3.79x)
R2 = 0.65

4
3
2
1

2

0
0

1

0
0

0.2

0.4

0.6

0.8

NDVI
Figure 4. The relationship between AWiFS derived NDVI
and wheat LAI for ﬁve diﬀerent agro-climatic regions over
India (2005–2006).

2004). The LAI–NDVI plots with their associated
model curves for the various ACRs are shown
in ﬁgure 4. It was found that the model curves
were not well segregated regionwise. Therefore, an

2

4
RVI

6

8

Figure 6. The relationship between AWiFS derived RVI and
wheat LAI using pooled datasets sampled over all the ﬁve
agro-climatic regions over India.

exponential model involving the data from all the
ﬁve ACRs was, developed between the measured
LAI and NDVI (ﬁgure 5) and the LAI and RVI
(ﬁgure 6). Among all the VIs, NDWI was found to
result in the lowest correlation (R2 = 0.37–0.70)
with wheat LAI in all ACRs. The NDWI is related
to the canopy water content. It is also inﬂuenced by
soil moisture conditions such that a higher NDWI
may not mean a higher LAI (Liang 2004).

6

5

Ground measured LAI

4.2 Validation of NDVI–LAI model

y = 0.114exp(4.906x)
R² = 0.75

The regional NDVI–LAI empirical models developed for ﬁve ACRs and the pooled model were validated with in situ measurements collected during
the post-rainy season of 2006–2007. The validation
statistics using both the region speciﬁc and pooled
model coeﬃcients are shown in tables 4 and 5. The
regional model for TGPR (table 3) shows an RMSE

4

3

Table 3. Error statistics for estimation of LAI for 2006–
2007 using region speciﬁc LAI-NDVI model developed using
2005–2006 data.

2

1

0
0

0.2

0.4
NDVI

0.6

0.8

Figure 5. The relationship between AWiFS derived NDVI
and wheat LAI using pooled datasets sampled over all the
ﬁve agro-climatic regions over India.

ACRs

n

R2

RMSE

TGPR
WDR
UGPR
CPHR
MGPR

94
15
47
31
36

0.52
0.49
0.46
0.76
0.45

1.35
0.7
1.1
0.5
1.0

where, n is
of observations.
number


(LAI(measured) − LAI(estimated))2 /n .
RMSE =

Development of regional wheat VI-LAI models
Table 4. Error statistics for estimation of LAI from NDVI
for 2006–2007 over diﬀerent ACRs using pooled model developed using 2005–2006 data.
n

R2

RMSE

TGPR
WDR
UPGR
CPHR
MGPR

94
15
47
31
36

0.57
0.60
0.54
0.74
0.42

0.76
0.77
1.00
0.50
1.10

of 1.35 (45.7% of measured mean) and a correlation of 0.52. The pooled model showed a lower
RMSE of 0.76 (25.9% of measured mean) but the
same correlation (R2 = 0.52). The responses of leaf
area growth to diﬀerent agro-climatic settings in
wheat growing belt could have been captured in the
pooled model as compared to regional model. This
could strengthen the predictive power of pooled
model resulting into lower RMSE while correlation
depends on range of paired (estimated and measured) LAI datasets. The regional model for WDR
produced an RMSE of 0.7 (34.8%) with R2 = 0.49.
The pooled model showed an RMSE (0.77) with
R2 = 0.60 (table 4). The LAI in the WDR was
generally underestimated LAI using both models.
The regional model for UGPR (table 3) showed a
correlation of 0.46 with an RMSE of 1.1 (47.1%).
The correlation improved to 0.54 using the pooled
model while the RMSE was similar. In CPHR,
the regional model produced correlation coeﬃcient
of 0.76 and an RMSE of 0.5. The pooled model
showed similar results for both the RMSE (0.5) and
R2 = 0.74. In MGPR, the regional model showed
slightly lower RMSE as compared to pooled model.
Both the models produced similar correlation in
the range of 0.42–0.45.
It is evident that the pooled NDVI based model
performed better in three of the ﬁve ACRs (TGPR,
WDR and UGPR) while in the other two ACRs
(CPHR and MGPR) the pooled model performed
similar to the regional model. Figure 7 shows
the 1:1 validation plot of the LAI estimates and
the measurements sampled over all the ACRs. It
produced an overall RMSE in the order of 0.88
and R2 = 0.55.

4.3 Comparison of NDVI-based pooled LAI model
with RVI-based model over diﬀerent LAI classes
The LAI estimation accuracy from the NDVI was
evaluated for four LAI classes (<1, ≥1 to <2,
≥ 2 to ≤ 3, > 3) and the errors compared
with those from the RVI-based model for all the
classes. The error statistics are summarized in
table 5. Up to an LAI of 3, the RMSE in LAI
estimates were lower with the NDVI (0.43–0.85)

6

(1:1 line)

R2 = 0.55
RMSE = 0.88
(34.46 % deviation
from mean)
n = 223

5

Estimated LAI

ACRs
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4

3

2

1

0
0

1

2
3
4
Ground measured LAI

5

6

Figure 7. Validation of pooled NDVI–LAI model using data
from all agro-climatic regions.

Table 5. Root mean square error for diﬀerent LAI classes
using pooled model with NDVI and RVI for all ACRs.
LAI range

n

RMSE
(LAINDVI )∗

RMSE
(LAIRVI )∗

<1
≥ 1 to <2
> 2 to ≤3
>3

14
47
82
70

0.43
0.44
0.85
1.28

0.61
0.71
1.12
1.17

∗
LAINDVI is the LAI estimated using NDVI–LAI model,
LAIRVI is the LAI estimated using RVI–LAI model.

as compared to RVI model (0.61–1.12). The magnitude of errors for both the models generally
increased with an increase in LAI levels, but the
rate of increase became substantially higher with
the NDVI after the LAI reached 2 as compared to
that with the RVI. The NDVI-based model produced a lower RMSE (0.43–0.44) as compared to
the RVI model (0.61–0.71) up to an LAI of 2. It is
important to note that for NDVI greater than 3,
the RMSE from the RVI model (1.17) was lower
than that from the NDVI (1.28). The NDVI tends
to become saturated earlier than RVI (Liang 2004).
The red reﬂectance comes from single leaf layer
whereas the NIR reﬂectance comes from multiple leaf layers. Therefore, red saturates faster than
the NIR reﬂectance. In NDVI computation, most
of the changes can be attributed to the red band
(Teillet et al 1997) while in the case of the RVI which

Figure 8. Regional wheat LAI map over India at peak vegetative stage (TGPR on 7 March 2007, WDR on 19 January 2007, UGPR on 7 March 2007, CHPR on 26 February
2007, and MGPR on 25 January 2007).
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is a simple ratio of the NIR and red reﬂectance,
the value continues to increase to a larger extent
as the canopy grows. Therefore, the RMSE of the
LAI estimates from RVI are lower than those from
the NDVI-based estimates at higher canopy growth
levels. It would be wise to estimate LAI from NDVI
for values less than 3 which generally corresponds
to wheat at maximum tillering stage. At peak vegetative to reproductive stages, RVI-based estimates
are better preferred for model forcing.
Previous studies with space-borne remote sensing data indicated that empirical LAI estimation
has generally large RMSE. The two stream model
of Price (1993) applied to LISS (Linear Imaging
and Self-scanning)-III data (23.5 m resolution) over
a wheat crop resulted in an RMSE of 0.78 and
1.23 for LAI with ranges 1–4 and 4–6, respectively
(Rastogi et al 2000). Estimation of LAI with RVI
and the reduced simple ratio (RSR) incorporating the SWIR channel for crops produced RMSE
of 1.10 and 2.00, respectively (Chen et al 2002)
using National Oceanic and Atmospheric Administration (NOAA) Advanced Very High Resolution
Radiometer (AVHRR) data over Canada. Pandya
et al (2003) reported an RMSE of 0.92 and 1.26
with reference to the MODIS LAI product for
two diﬀerent dates of observations over Bhopal in
CPHR. Our earlier analysis using LISS-III, which
is single-site speciﬁc (Chaurasia et al 2006) produced an RMSE of 0.698 for LAI estimated using
the RVI, and 0.689 for LAI estimated using NDVI.
The work reported by Pandya et al (2003) and
Chaurasia et al (2006) are site speciﬁc and thus
could not be extrapolated over large region. The
present common wheat VI-LAI empirical model
developed and evaluated from samples over a
variety of agro-climatic regions as well as growth
stages is operationally feasible with AWiFS data
for regional wheat growth modelling until improved
LAI modelling schemes are tested and tuned for
Indian conditions.
The distributed output of regional wheat LAI
estimates from an NDVI-based common model
during peak vegetative stage over the ﬁve ACRs is
shown in ﬁgure 7. Though the variability in LAI
was large (1.0–5.0) over the wheat growing belt,
the majority of the pixels showed an estimated LAI
range between 3.0 and 5.0. In TGPR, LAI varied from 1.0 to 5.0. During the same time, UGPR
shows a higher variability between 0.51 and 4.50.
In the WDR, 60% of the wheat cover had an LAI
in the range of 1.0 to 2.0. In CPHR, the LAI ranges
from 1.0 to 4.5. The higher LAI range in TGPR
than WDR and CPHR could be due to more intensiﬁcation through higher irrigation water availability, fertilizers and relatively longer persistence of
low temperature (ﬁgure 8).
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5. Summary and conclusions
The unique contribution of the above study is
the development and validation of regionally applicable VI-based wheat LAI models with a large
number of samples over a variety of agro-climatic
settings and growth stages. The NDVI and RVIbased empirical models are exponential and linear,
respectively with almost similar correlations. The
NDVI-based LAI estimates were found to produce lower errors for LAI less than 2, but the
errors increased above an LAI of 2 with the
rate of increase being higher for the NDVI than
the RVI. At LAI greater than 3, the RVI-based
model produced less errors compared to the NDVI
model. The reasons are explained in relation to
canopy density and index saturation. LAI classwise error analysis was able to provide the choice
of models for LAI forcing depending on the wheat
phenophases. Presently, regional LAI estimates at
100% panicle stage (around February) using such
models with AWiFS data are being routinely used
to a crop simulation model, WOFOST, for its spatial implementation to forecast pre-harvest wheat
yield at state and national scales. Further scope
exists to improve these empirical models using multiple regression with multiple vegetation indices.
But saturation of vegetation indices at higher LAI
is the major limitation of regression models. Moreover, revision of model coeﬃcients are required
after a certain interval to take account of crop
response to deviations of environmental conditions
from their long term mean. Therefore, physical
inversion approach of canopy radiative transfer
simulation using surface reﬂectances would be ideal
to retrieve LAI to eliminate such limitations.
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