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ABSTRACT
Progress made on the detection of stress in heterogeneous crop canopies with hyperspectral remote sensing imagery
is presented. High-spatial resolution multispectral remote sensing imagery was collected in 2002, 2003 and 2004
over vineyard and olive orchards in Spain. Imagery acquired with the Compact Airborne Spectrographic Imager
(CASI) and the Reflective Optics System Imaging Spectrometer (ROSIS) in the visible and near infrared wavelength
regions 400-950 nm at 1 m resolution, and with the Airborne Hyperspectral Scanner (AHS) in the reflective and
thermal regions at 2 m resolution enabled the study of narrow-band vegetation indices and model simulation for
estimation of chlorophyll content for chlorosis detection at the tree and vine level, as well as deriving thermal
information function of the stress status. Ground data collection consisted of measurements of crown transmittance
with a PCA LAI-2000 and geometrical measurements of crown projected area, height, crown cross-section, and
biochemical constituents such as chlorophyll a+b and carotenoids, enabling the estimation of crown leaf area index,
crown leaf density, biophysical variables related to the crown intercepted radiation, such as crop yield and canopy
fractional cover, as well as crop functioning through chlorophyll content estimation. Leaf and canopy simulation
models, such as PROSPECT, SAILH, FLIM, and rowMCRM were used and the scaling up methodology presented.
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1 INTRODUCTION
Leaf chlorophyll a+b (Ca+b) and leaf area index (LAI) are indicators of stress and growth that may be estimated by
radiative transfer modelling from hyperspectral data in the 400-2500 nm spectral region. Estimation of such leaf
biochemical and canopy biophysical variables from remote sensing data requires appropriate modelling strategies
for Olea europaea L. and Vitis vinifera L. canopies, accounting for structure through its dominant effect on the bidirectional reflectance (BRDF) signature. Successful estimation of leaf biochemistry from remote sensing methods
in open canopies of Olea europaea L. and Vitis vinifera L. has remained an elusive goal to date, presumably due to
the difficulties to access data from hyperspectral sensors and to the complexity of the physical approaches required
for modeling such canopies. Ca+b and other leaf biochemical constituents such as dry matter content (Cm) and water
content (Cw) are indicators of plant stress and nutritional deficiencies associated with relative availability of
elements N, P, K, Fe, Ca, Mn, Zn and Mg, among others [1-6]. Chlorosis in olive trees caused by such deficiencies
can be successfully treated thereby improving yields and the final quality of the fruit [7-9]. Specifically, Fe and N
deficiencies resulting in chlorosis symptoms in vineyards cause a decrease of fruit yield and quality in the current
and the subsequent year as fruit buds develop poorly [6].

2 HYPERSPECTRAL INDICES AND MODEL SIMULATION
Several hyperspectral indices, proposed in the literature track and quantify chlorophyll concentration [10-13],
allowing remote detection methods to identify and map vegetation stress through the influence of chlorophyll
content variation. These physiologically-based vegetation indices are shown in Table 1 (see [13] for a full review).
In agricultural canopies with large spectral contributions by the soil background and LAI variation in different
growth stages, combined indices have been proposed to minimize background soil effects while maximizing the
sensitivity to Ca+b [14-15]. CARI (Chlorophyll Absorption in Reflectance Index) [16], MCARI (Modified
Chlorophyll Absorption in Reflectance Index) [17], SAVI (Soil-Adjusted Vegetation Index) [18] and OSAVI
(Optimized Soil-Adjusted Vegetation Index) [19] were proposed as soil-line vegetation indices to be combined with
MCARI to reduce background contributions [17] such as in the form TCARI/OSAVI or MCARI/OSAVI.
Nevertheless, and despite the successful relationships obtained between specific optical indices and leaf

biochemistry, estimation of such biochemical components at
canopy level from remote sensing requires appropriate modelling
strategies for these heterogeneous canopies, accounting for
structure through its dominant effect on the bi-directional
reflectance (BRDF) signature. Methods for scaling-up of indices
such as MCARI, TCARI and OSAVI have been successfully
studied to investigate the effects of scene components on indices
calculated from pure crown pixels and from aggregated soil,
shadow and crown reflectance in olive tree orchards [20].
Relationships between optical indices and ground-measured Cab
yielded reasonable results with 1-m ROSIS imagery when
targeting crowns, with the best results obtained for
MCARI/OSAVI, MCARI, and TCARI indices. However, results
indicated that these combined indices were highly affected by
soil background and shadow components in open canopies,
requiring the use of open-canopy radiative transfer methods since
canopy reflectance is then function of the three components:
crown,
soil
and
shadows.
The
linked
models
PROSPECT-SAILH-FLIM improved the estimates of
chlorophyll concentration from open tree canopies with
significant effects of soil and shadow scene components on the
aggregated pixels. Similar methods were applied for chlorosis
detection in vineyards with 1 m CASI imagery (Figure 1); in this
case PROSPECT linked to the rowMCRM model, which refers
to the Markov-Chain Canopy Reflectance Model (MCRM) [2122] with additions to simulate the row crop structure (developed
within the frame of the Crop Reflectance Operational Models for
Agriculture project (CROMA)) was used to simulate different
scene component proportions, row orientations, and vineyard
dimensions (Figure 2). Field sampling campaigns were
conducted in July 2002 and July 2003 for biochemical analysis of
leaf Cab in study areas of Vitis vinifera L. in Ribera del Duero
D.O. in Northern Spain. A total of 1467 leaves were used for
determination of Cab on 88 study sites comprising the campaigns
conducted in 2002 and 2003, which generated a database of
optical properties of 605 leaves collected.

Figure 1. CASI images collected at 1m spatial
resolution from olive and vineyard study fields.
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Figure 2. Model simulation of row-structured discontinuous canopies with rowMCRM radiative transfer model (left).
Vineyard canopy reflectance simulation as function of the visible strip length in the row crop (St=0.5, 1m, 1.5m and 2m) (right).

Table 1. Vegetation indices for biochemical and LAI estimation calculated from multispectral and hyperspectral

imagery
Vegetation Index

Equation

Reference

NDVI = (RNIR - Rred )/(RNIR + Rred)

Rouse et al. (1974)

MTVI1 = 1.2 * [1.2 * ( R800 − R550 ) − 2.5 * ( R670 − R550 )]

Haboudane et al. (2004)

Structural Indices
Normalized Difference
Vegetation Index (NDVI)
Modified Triangular Vegetation
Index (MTVI1)
Modified Triangular Vegetation
Index (MTVI2)
Renormalized Difference
Vegetation Index (RDVI)

MTVI 2 =

1.5 *[1.2 * ( R800 − R550 ) − 2.5 * ( R670 − R550 )]

RDVI = ( R800 − R670 )

( R800 + R670 )

Haboudane et al. (2004)
Rougean and Breon, (1995)

SR = RNIR/Rred

Jordan (1969);
Rouse et al. (1974)

MCARI1 =1.2 * [2.5 * ( R800 − R670 ) − 1.3 * ( R800 − R550 )]

Haboudane et al. (2004)

Simple Ratio Index (SR)
Modified Chlorophyll
Absorption in Reflectance
Index (MCARI1)
Modified Chlorophyll
Absorption in Reflectance
Index (MCARI2)
Soil Adjusted Vegetation Index
(SAVI)
Improved SAVI with selfadjustment factor L (MSAVI)
Optimized Soil-Adjusted
Vegetation Index (OSAVI)

(2 * R800 + 1) 2 − (6 * R800 − 5 * R670 ) − 0.5

MCARI 2 =

1.5 * [2.5 * ( R800 − R670 ) − 1.3 * ( R800 − R550 )]
(2 * R800 + 1) 2 − (6 * R800 − 5 * R670 ) − 0.5

SAVI = (1+ L) * ( R800 − R670 ) ( R800 + R670 + L)

[ L ε (0,1) ]
MSAVI =

1⎡
2 * R800 +1− ( 2 * R800 +1) 2 − 8 * ( R800 − R670 ) ⎤
⎥⎦
2 ⎢⎣

Haboudane et al. (2004)
Huete (1988)
Qi et al. (1994)
Qi et al. (1994)

OSAVI = (1 + 0.16) * (R800 – R670) /
(R800 + R670 + 0.16)

Rondeaux et al. (1996)

G = (R554)/(R677)

-

MCARI = [(R700 – R670) – 0.2* (R700
– R550)]* (R700 / R670)

Daughtry et al. (2000)

TCARI = 3* [(R700 – R670) – 0.2*
(R700 – R550)* (R700 / R670)]

Haboudane et al (2002)

TVI = 0.5 * [120 * ( R750 − R550 ) − 200 * ( R670 − R550 )]

Broge and Leblanc (2000)

ZM = (R750)/(R710)
SRPI = (R430)/(R680)

Zarco-Tejada et al. (2001)
Peñuelas et al. (1995)

NPQI = (R415 – R435)/ (R415 + R435)

Barnes et al. (1992)

PRI1 = (R528 - R567)/(R528 + R567)
PRI2 = (R531 - R570)/(R531 + R570)

Gamon et al. (1992)

NPCI = (R680 - R430)/ (R680 + R430)

Peñuelas et al. (1994)

Ctr1 = (R695)/(R420)
Ctr2 = (R695)/(R760)
Lic1 = (R800 - R680)/ (R800 + R680)
Lic2 = (R440)/(R690)

Carter (1994)
Carter et al. (1996)

Chlorophyll Indices
Greenness Index (G)
Modified Chlorophyll
Absorption in Reflectance
Index (MCARI)
Transformed CARI (TCARI)
Triangular Vegetation Index
(TVI)
Zarco-Tejada & Miller
Simple R. Pigment Ind. (SRPI)
Normalized Phaeophytinization
Index (NPQI)
Photochemical Reflectance
Index (PRI)
Normalized Pigment
Chlorophyll Index (NPCI)
Carter Indices
Lichtenthaler indices
Structure Intensive Pigment
Index (SIPI)
Vogelmann indices
Gitelson and Merzlyak

SIPI = (R800 - R450)/ (R800 + R650)
Vog1 = (R740)/(R720)
Vog2 = (R734 – R747)/(R715 + R726)
Vog3 = (R734 – R747)/(R715 + R720)
GM1=R750/R550
GM2=R750/R700

Lichtenthaler et al. (1996)
Peñuelas et al. (1995)
Vogelmann et al. (1993);
Zarco-Tejada et al. (1999)
Gitelson & Merzlyak (1997)

3 RESULTS

y = 63.541e-2.1792x
r 2 = 0.9
Cab ( g/cm2)

60

40

20

0
0

0.5

1

1.5

TCARI / OSAVI
100

Cab ( g/cm2) (measured)

In Vitis vinifera L. canopies, leaf reflectance and transmittance
measurements enabled the validation of optical indices for this
crop. Results show that the best optical indices for chlorophyll
estimation in vine leaves were the indices ZM, VOG1, VOG2,
VOG3, GM1, GM2, MCARI, TCARI, MCARI/OSAVI, and
TCARI/OSAVI (Table 1 and Figure 3, top). Chlorophyll a & b
estimation by inversion of the PROSPECT leaf model using a
database of 605 leaf reflectance and transmittance vine spectra
yielded a determination coefficient of r2=0.95, with an
RMSE=5.3 µg/cm2 (Figure 3, centre). The scaling up of
TCARI/OSAVI index through PROSPECT linked to
rowMCRM radiative transfer model yielded a determination
coefficient of r2=0.71 and RMSE=10.5 µg/cm2 (Figure 3,
bottom). These results indicate the validity of the mentioned
narrow-band vegetation indices for chlorophyll estimation in
open tree and vine crops, and the successful estimation of
chlorophyll a & b by PROSPECT model inversion linked to
SAILH+FLIM in orchard trees, and rowMCRM in
row-structured canopies such as vineyards.
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The application of optical indices in discontinuous crop
canopies such as Olea europaea L. and Vitis vinifera L., where
canopy structure plays an important role, and the effects of
LAI, shadows and soil in the modelled reflectance have
demonstrated the requirement for radiative transfer simulation
methods for accurate estimates of biochemical constituents.
Relationships between optical indices and ground measured
Cab yielded reasonable results with 1-m ROSIS imagery when
targeting crowns, obtaining the best results for
MCARI/OSAVI, MCARI, and TCARI indices. Relationships
between optical indices and ground measured Cab when using
1-m ROSIS imagery targeting olive crowns yielded r2=0.6 with
TCARI, r2=0.64 with MCARI, r2=0.48 with TCARI/OSAVI
combined index, and r2=0.69 with MCARI/OSAVI. The
predictive relationship calculated for the MCARI/OSAVI
index through PROSPECT-SAILH using a gradient of soil
backgrounds from bright to dark soil reflectance yielded
r2=0.67 and RMSE=10.9 µg/cm2 when applied to ROSIS
pure-crown spectra. In the case of aggregated scene
components, when lower spatial resolution imagery is
available, a relationship between MCARI/OSAVI and Cab
developed using PROSPECT-SAILH-FLIM to account for the
scene components that were missing in the PROSPECTSAILH simulation, significantly improved the estimation of
Cab than when using only SAILH for aggregated pixels.
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4 CONCLUSIONS
Progress made on the estimation of chlorophyll a&b for stress
and chlorosis detection in open tree crops and row-structured
crop canopies demonstrate the validity of combined indices
such as TCARI/OSAVI, both at the leaf and canopy levels.
Correct estimation of Cab at the canopy level was successful
using appropriate radiative transfer simulation with
PROSPECT linked to SAILH-FLIM (orchard crops) and
rowMCRM (row-structured crops such as vineyards).
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Figure 3. Relationships found between
vine Cab and TCARI/OSAVI at the leaf
level (top), by model inversion (centre),
and at the canopy level by scaling up
TCARI/OSAVI through PROSPECT
linked to rowMCRM model (bottom).
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