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ABSTRACT 
 
Leaf area index (LAI) is an important input in spatially distributed modeling of surface energy balance, 
evapotranspiration, and vegetation productivity. Remote sensing can facilitate the rapid collection of LAI 
information on individual fields over large areas in a timely and cost-effective manner. In this study, we developed a 
set of LAI models using least square regression (LSR) and artificial neural network (ANN) techniques, and 
evaluated them for their ability to retrieve LAI from Landsat Thematic Mapper (TM) data. The LAI measurements 
were made in 47 randomly selected commercial fields in Moore and Ochiltree Counties located in the Texas High 
Plains. Ground measurements were coincided with the Landsat 5 overpasses over the study area during the 2005 
growing season. Numerous spectral vegetation indices were examined for retrieving LAI with both LSR and ANN 
models. The structure independent pigment index (SIPI) showed the highest correlation with LAI. Results showed 
that the best ANN and LSR models gave R2 values of 0.91 and 0.84, respectively, indicating that ANN-based 
models were superior to LSR-based LAI models. A further evaluation of the methods is planned with an 
independent dataset from the 2007 Bushland Evapotranspiration and Agricultural Remote Sensing Experiment. 

 
 

INTRODUCTION 
 

Leaf area index (LAI) is fundamental to determine canopy interception, photosynthesis, groundwater-surface 
water interactions through evapotranspiration (ET) (Sumner and Jacobs, 2004), atmospheric gas exchange (Burkart 
et al., 2004), nutrient uptake (Gowda et al., 1999), and crop productivity (Thenkabail et al., 1994). LAI refers to the 
plant foliage density, measured as the total leaf area per unit ground area for any vegetation. Traditional in-situ 
techniques include the use of electronic leaf area meter (Delta-T Devices Ltd, Cambridge, UK1; Rouphael and Colla, 
2005) and LAI-2000 Plant Canopy Analyzer (Welles and Norman, 1991). These in-situ techniques are accurate but 

                                                 
1 The mention of trade names of commercial products in this article is solely for the purpose of providing specific 
information and does not imply recommendation or endorsement by the U. S. Department of Agriculture, or 
University of Arkansas. 
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time intensive. Therefore, it is not practical to use them to derive LAI spatially and temporally over large geographic 
areas. Numerous studies have shown that satellite remote sensing techniques are suitable for retrieving LAI over 
larger areas at lower costs in less time. Walthall et al. (2004) classified methods of deriving LAI from satellite data 
into three categories: (1) empirical correlations between LAI and spectral vegetation indices (SVI) (Thenkabail et 
al., 1994), (2) inversion of radiative transfer models (RTM), and (3) artificial neural network (ANN) approach (Fang 
and Liang, 2003; Turner et al., 1999; Smith, 1993). The most popular method is based on empirical correlations 
between LAI and SVI.  

In the last three decades, numerous SVIs have been developed to estimate LAI from Landsat Multi-Spectral 
Scanner (MSS) (Wiegand et al., 1979 for winter wheat), Thematic Mapper (TM) (Thenkabail et al., 1994) and 
Enhanced Thematic Mapper Plus (ETM+) (Xavier and Vettorazzi, 2004; Walthall et al., 2004) sensors. These 
studies and others have shown that there is a strong contrasting relationship between spectral reflectance 
measurements of canopy cover in red and infrared wavelengths. Consequently, the simple ratio (SR), normalized 
difference vegetation index (NDVI; Rouse et al., 1974), and soil adjusted vegetation index (SAVI; Huete et al., 
1994) are the three most commonly used SVIs to estimate LAI. All of these SVIs use some form of the ratio of near 
infrared (NIR) and red (R) reflectance: SR = NIR/R; NDVI = (NIR-R)/(NIR+R) and SAVI = (1+L) (NIR – 
R)/(NIR+R+L), where L is a constant introduced to reduce the variations due to background (soil and crop residue) 
reflectance. The value of L varies from 0 to 1. However, these indices are not highly sensitive at LAI values greater 
than 3.0 m2 m-2 (Gitelson, 2004). The normalized difference water index (NDWI; Gao, 1996), the green index (GI; 
Gitelson et al., 2003), and the wide dynamic range vegetative index (WDRVI; Gitelson, 2004) are more sensitive to 
high LAI values typically between 3.0 and 6.0 (Gitelson et al., 2003; Walthall et al., 2004). The GI is given as: GI = 
(NIR/G)-1, where G is the spectral reflectance in green wavelength. The WDRVI is nothing but a modified NDVI to 
improve its sensitivity to LAI by rectifying NDVI saturation at high biomass. Other SVIs used in the retrieval of 
LAI include Re-normalized Difference Vegetation Index (RDVI; Roujean and Breon, 1995), Structure Independent 
Pigment Index (SIPI; Penuelas et al., 1995), and Triangular Vegetation Index (TVI; Broge and Leblanc, 2001). Most 
of LAI-SVI statistical relationships reported in the literature are based on ordinary least square regression (LSR) and 
follow one of the following models: (1) linear: LAI = a + bX; (2) exponential: LAI = a ebX; (3) power: LAI = aXb; 
and (4) quadratic: LAI = aX2 +bX+ c; where, X is the SVI, and a, b, and c are constants.  

While SVIs derived from satellite data have been used for mapping and monitoring LAI, the strengths and 
transferability of empirical LAI-SVI relationships developed for one region to other regions may potentially be 
affected by exogenous factors such as sun-surface sensor geometry, background reflectance, and atmosphere-
induced variations on canopy reflectance (Turner et al., 1999; Chen and Cihlar, 1996; Jacquemoud et al., 1995; 
Meyer et al., 1993). There have been a few tests to compensate for exogenous effects factors on LAI-VI 
relationships and results are mixed. Further, most studies in the past considered either one vegetation type or 
simulated data. Comparisons across studies have been limited by differences in sensor characteristics and image 
processing methods (Turner et al., 1999). On the other hand, RTM inversion methods are very effective but complex 
and require too many input parameters, which may not be readily available. Artificial neural network (ANN) 
approach provides a very efficient tool to simulate the relationship between SVIs and biophysical variables such as 
LAI (Jin and Liu, 1997; Smith, 1993; Kimes et al., 1998) even when the data are noisy and sparse.  

An ANN can simulate complex spatial and temporal relationships into numerical models using a set of neurons 
arranged in multiple layers with synaptic connections between them. The ANN models are known to accommodate 
for auto- and cross-correlation in the input, and also work well with noisy data. The main objective of this study was 
to develop and evaluate LSR and ANN approaches for the retrieval of LAI from Landsat 5 TM data acquired over 
the Texas High Plains. 

 
 

METHODS AND MATERIALS 
 
Study Area 

This study was conducted with LAI data collected from commercially operated farms in two counties located 
in the Texas High Plains (Fig. 1), which is being depleted by excessive pumping for irrigation. Moore County is in 
the north-central part of the Texas High Plains and has a total area of 236,826 ha. Two-thirds of the land in Moore 
County is relatively flat (USDA-SCS, 1975), with most of the area under row crop production. Corn, sorghum, 
cotton and soybean are the major summer crops in both Ochiltree and Moore counties. The area of Ochiltree County 
is 234,911 ha with more than 45 percent of the land under row crop production in 2004. Ochiltree County ranked 
fifth in corn production and eighth in sorghum production in Texas in 2004 (NASS, 2005). Annual average 
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precipitation is about 481 and 562 mm for Moore and Ochiltree Counties, respectively. Crop water needs are 
supplemented with groundwater from the underlying Ogallala Aquifer which is being depleted by excessive 
pumping. Clay loam soils of the Sherm series occupy nearly all of the crop land in both counties. 

 

 

Figure 1. Location of Moore and Ochiltree Counties in the Texas High Plains, USA. 
 
Field Data Collection  

Two Landsat TM scenes were acquired; one on June 27, 2005 for Ochiltree County and the other on July 4, 
2005 for Moore County. Developing the LAI models consisted of three steps: 1) ground-truth data collection, 2) 
atmospheric correction of Landsat TM imagery for deriving scene reflectance values for ground-truth locations, and 
3) development of a SVI-LAI model. On the day of the Landsat 5 satellite overpass, ground-truth data were 
collected from 47 randomly selected commercial fields in Ochiltree and Moore Counties. These fields included 16 
fields planted to corn, 12 under cotton, 11 under sorghum, and 8 fields planted to soybean (Table 1). Ground-truth 
data included geographic coordinates collected with a handheld Global Positioning System (GARMIN GPSMAP 76, 
Garmin Ltd), plant type and density, width of plant rows, and extraction of one representative plant for LAI 
measurement in the laboratory. The LAI was measured using an electronic leaf area meter (Delta-T Devices Ltd, 
Cambridge, UK; Rouphael and Colla, 2005). 

Each pixel in the Landsat 5 image has a spatial resolution of 30 m after resampling. Ground truth pixel 
locations on the image were identified using the GPS coordinates. For model development, mean reflectance data 
from 9-pixels (ground-truth pixel and the surrounding 8 pixels) were used to accommodate for potential relative 
error between sampling point and image pixel. Atmospherically corrected surface reflectance (ρSUR) for each TM 
band was used to develop the SVIs. As a first step to compute ρSUR, the digital numbers in each TM band image, 
except thermal band 6, were converted into at-sensor spectral radiance (Lb), using the equation: Lb = (Gain × DN + 
Bias), where gain and bias were extracted from the image header files from the satellite data provider. The top-of-
the-atmosphere reflectance (ρTOA) was calculated for each pixel in the image using the procedure outlined in 
Chander and Markham (2003). In this procedure, the ρTOA for each pixel was calculated by dividing the at-sensor 
spectral radiance by the incoming energy (radiance) in the same short-wave band. The incoming radiance is a 
function of mean solar exo-atmospheric irradiance, solar incidence angle, and square of the relative earth-to-sun 
distance (Thenkabail, 2003). The ρSUR was computed after applying atmospheric interference corrections for short-
wave absorption and scattering using narrow band transmittance calibrated for each band with the MODTRAN, a 
radiative transfer model (Berk et al., 2003). The corrected surface reflectance (ρSUR) obtained from Landsat 5 TM 
data were transformed into ten commonly used SVI. 
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Table 1. Summary of LAI collected from experiment fields in the Texas High Plains. 
 

LAI 
Analysis Group N 

Mean Std. Dev. Range 

Corn 16 4.08 1.62 0.45-6.21 

Cotton 12 0.42 0.23 0.10-0.83 

Sorghum 11 1.56 1.39 0.09-4.58 

Soybean 8 1.16 0.60 0.56-2.30 

Total data 47 2.06 1.91 0.09-6.21 

ANN Calibration 35 1.76 1.74 0.09-6.21 

ANN Validation 12 2.93 2.19 0.37-5.78 

 
 
Least Square Regression (LSR) Approach 

In the LSR approach, the LAI-SVI relationships were evaluated using ordinary least square regression analysis. 
A set of SVIs evaluated to develop LAI-SVI statistical relationships included difference indices, product indices, 
ratio indices, and normalized difference indices. The specific SVIs evaluated in this study included DVI, GI, NDVI, 
NDWI, RDVI, SAVI, SIPI, TVI, and WDRVI. The SAVI was calculated using and L value of 0.16, and WDRVI 
was calculated with a values varying form 0.1 to 0.2 at an increment of 0.02. These SVIs were modified to fit the 
broad TM bands instead of the specific narrow wavelengths suggested by the developer. The TM-band based 
equations used for calculating the complete set of SVIs used in this study are presented in Table 2. The LSR models 
used to evaluate each of the SVIs included linear, exponential, and power, selected based on exploratory analysis 
and fit of these models. The most significant regression models were identified and reported for the study area.  

 
Artificial Neural Network (ANN) Approach 

A feed-forward multi-layer perception neural network (MLPNN) with error back propagation was used for 
developing the LAI-SVI model. The MLPNN network is by far the most commonly used network. In this network, 
the information moves forward from one layer to the next to compute the output, and the error is propagated back 
from output to input layer to adjust the weights of the connection and the biases so as to minimize the mean square 
error of prediction. The base network consisted of 3 inputs: 1) SVIs, 2) one hidden layer, and 3) one output layer. 
The hidden layer used a logistic sigmoid function and the output layer used a pure linear activation function. The 
training function was a gradient descent back propagation method, which used maximum number of epochs, mean 
square error (MSE), error surface gradient, learning rate, and maximum validation failures (inability to improve 
MSE of the validation data) as training parameters. The training goals included an MSE of 0.01, a minimum 
gradient of 10-6, the maximum number of validation failures of 5, and a maximum epoch of 5000. The training 
stopped when any one of these training goals were met.  

Over fitting of the model was avoided by setting the maximum validation failure parameter (a failure is a lack 
of improvement in MSE for the validation data set) as 5, a relatively small number. Two of the network parameters, 
the number of neurons in the hidden layer and learning rate, were optimized using a trial and error method. First the 
network was run with a fixed learning rate of 0.01, with the number of neurons in the hidden layer changing from 1 
to 5. The network performance was measured through MSE, and R2 value, and number of neurons that gave the best 
performance for the validation set was selected for the final network. If the number of neurons in the first hidden 
layer was more than twice the number of inputs (4 in this case), a second hidden layer was added. The network was 
again optimized for number of neurons in the second hidden layer. After optimizing the number of hidden layers and 
neurons in each hidden layer, the neural network was again run with the learning rate varying from 0.01 to 1. The 
learning rate that gave the minimum MSE and maximum R2 value was selected for the final network. Using the 
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same trial and error procedure, the momentum rate was also optimized. The optimized network was then trained 
with the training data, while using validation data to minimize over fitting.  

A sensitivity analysis was performed on the ANN model to understand the relative contribution of each of the 
input variables. An input variable influences the output through its connection strength with the neurons in the 
hidden layers. The input connection braches out as it moves from one hidden layer to another. Therefore, the 
connection strength and finally the effect of an input variable on the output are decided by the connection weights. 
The connection weights have a multiplicative effect as it traces a specific path from one layer to another. Therefore, 
this study used the method suggested by Garson (1991) to quantify the sensitivity of each input variable on 
simulating LAI, the output (Equation 1). This method calculates sensitivity of an input as the sum of normalized 
product of connection weights from a specific input to the output as:  
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where, Si is the sensitivity of ith input, Ni is the number of input variables, NH1 is the number of neurons in the first 
hidden layer, IWki is the weight of ith input connecting to kth neuron in the first hidden layer, hWki is the weight of 
the connection from first hidden layer to second hidden layer, and Ol is the connection from the second hidden layer 
to the output layer. 

 
 

RESULTS AND DISCUSSION 
 
The four crops in the selected experimental fields were at different growth stages, creating a broad range of 

LAI. The measured LAI varied from 0.09 to 6.21 m2 m-2 with a mean of 2.06 m2 m-2, and standard deviation of 1.91 
m2 m-2 (Table 1). There was considerable variability in the LAI values among the four crops, with the lowest mean 
LAI of 0.42 m2 m-2 for cotton and the highest mean LAI of 4.05 m2 m-2 for corn. Such variability in LAI due to the 
different growth stages of the various crops is typical of the Texas Panhandle region during the crop season. 

 
LAI Modeling with LSR 

Exploratory analysis of LAI with respect to various SVIs showed that SIPI, NDVI, and WDRVI have the 
highest correlation with LAI (Table 2). While NDVI and SIPI exhibited a highly non-linear relationship with LAI, 
WDRVI exhibited a linear relationship. SIPI showed the highest correlation with LAI, followed by NDVI. A power 
model of LAI on SIPI explained 84% of the variability in LAI, with a resulting RMSE of 0.89 (Table 2 and Fig. 2). 
The LAI model based on SIPI lost some of its sensitivity at high LAI levels exceeding 3 m2 m-2 (Fig. 2). An 
exponential model on NDVI, as shown in Fig. 2, was able to explain 81% of variability in LAI, with an RMSE of 
0.92. A linear model of LAI on WDRVI was able to explain 80% of variability in LAI with a resulting RMSE of 
0.87. The value of the constant a in the equation of WRDVI was varied from 0.1 to 0.2 (based on Gitelson, 2004). In 
this study, the WDRVI corresponding to an a value of 0.12 provided the highest correlation with LAI for the mixed 
crop data set. However, Gitelson (2004) found that WRDVI based on an a value of 0.2 provided the best correlation 
with LAI for single crop data.  
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Table 2. Landsat 5 Thematic Mapper (TM) based leaf area index (LAI) models for major crops in the Texas 
Panhandle based on regression analysis on the whole data (N=47). 

 

VI VI Equation LAI-VI Model R2 RMSE1 
(m2 m-2) 

DVI 34 TMTMDVI −=  (Jordan, 1966) LAI= -3.363 + 18.061 DVI 0.77 0.95 

GI 1
2
4
−=

TM
TMGI  (Gitelson et al., 2003) LAI= -0.632 + 0.651 GI 0.77 0.91 

NDVI 
34
34

TMTM
TMTMNDVI

+
−

=  (Rouse, 1974) LAI= 0.0296e (6.127*NDVI) 0.81 0.93 

NDWI 
54
54

TMTM
TMTM

+
−  (Gao, 1996) LAI= 0.24 + 7.74 NDWI 0.72 1.03 

RDVI DVINDVI ×  (Roujean and Breon, 1995) LAI= -3.499 + 13.134 RDVI 0.77 0.91 

SAVI ( )L
LTMTM

TMTMNDVI +
++

−
= 1

34
34

(Huete, 1988) LAI= 0.03 e (6.93*SAVI) 0.80 1.01 

SIPI 
34
14

TMTM
TMTM

−
−  (Penuelas et al., 1995) LAI= 4.648 (SIPI)-9.089 0.84 0.89 

SRI 
3
4

TM
TMSRI =  (Tucker, 1979) LAI= -0.315 + 0.426 SRI 0.77 0.90 

TVI 
( ) ( )

2
23210-TM2-TM4130 TMTM −  (Broge 

and Leblanc, 2001) 
LAI= -2.678 + 0.248 TVI 0.75 0.95 

WDRVI 34
34

TMTMa
TMTMa

+
−  (Gitelson, 2004) LAI= 3.67 + 5.78 WRDVIa=0.12 0.80 0.87 

1Root mean square error 
 

 

Figure 2. Variation of LAI with respect to NDVI and SIPI for the 24 fields in the Texas High Plains. The 
exponential model on NDVI explained 81% of variability in LAI, whereas the power model on SIPI 

explained 84% of variability in LAI. 
 
The three vegetation indices NDWI, GI, and WDRVI (Anderson et al., 2004; Gitleson et al., 2003; Gitelson, 

2004) were projected as superior to estimate LAI, with high sensitivity to higher levels of LAI (> 3 m2 m-2). In this 
study, the NDWI and GI exhibited relatively lower correlation indicated by R2 values of 0.72 and 0.77, respectively. 
The WDRVI is a modification of NDVI, and it relationship with LAI was comparable to that of NDVI although it is 
expected to exhibit better correlations with LAI at high LAI values (Gitelson, 2004). Most of the reported results to 
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validate the superiority of these SVIs are based on data from a single crop. In this study, when data for multiple 
crops at different growth stages were combined resulting in a broad range of LAI, the three indices NDWI, GI and 
WDRVI did not offer any advantage over NDVI. Another reason for the relatively lower than expected correlation 
of the above three SVIs with LAI in this study may be the broad bands of Landsat 5 TM compared to the narrow 
bands used by Gitelson (2004) and others. 

Eight out of the 10 models reported here (Table 2) were either a ratio index, or a normalized difference index. 
Majority of the models used SVI that was derived from TM band 4 (NIR) in combination with TM band 3 (R) 
primarily. The remaining SVIs used the NIR band in combination with other TM bands such as 1, 2, or 5. This 
indicates that the NIR and R bands are highly sensitive to the LAI, which is consistent with results reported in 
previous studies (Thenkabail et al., 1994; Walthall et al., 2004). Many of the SVIs suffered from a biomass 
saturation problem, which caused a loss of sensitivity at high LAI of 3 m2 m-2or more. 

 
LAI Modeling with ANN 

 The optimized ANN network had two hidden layers with 4 and 3 neurons each. Based on the correlation 
between SVI and LAI, NDVI and SIPI were selected as the two input variables in the ANN model. The MLP feed-

forward back propagation network used log sigmoid ⎟
⎠
⎞

⎜
⎝
⎛

+
= −xe

x
1

1)(logsig , tan sigmoid ⎟
⎠
⎞

⎜
⎝
⎛ −

+
= − 1

1
2)(tansig 2 xe

x , 

and pure linear ( )xxpurelin =)(  as activation functions at the two hidden layers and output layer, respectively. 
The optimized network used a learning rate of 0.1 and momentum rate of 0.4. The performance goal was set as an 
MSE of 0.01. Training criteria included MSE of 0.01, maximum number of epochs of 5000, maximum validation 
failures of 5, or a minimum MSE gradient change of 10-6. During the training process, the training stopped because 
of failure to meet the MSE gradient change criteria. The MSE error at the end of training was 0.013, slightly more 
than the error goal of 0.01 (Fig. 3). However, this network was considered appropriate as it gave the best 
performance in terms of R2 values and RMSE errors. 

 

 

Figure 3. ANN performance, assessed through mean squared error (MSE) of the training data and validation data, 
during the model training process. 

 
The trained ANN model was able to explain 91% of variability in LAI data in the calibration set     (Fig. 4) and 

resulted in a relatively low RMSE of 0.72. However, the validation performance of the model was slightly inferior, 
with an RMSE of 1.2. The model was only able to explain 84% of variability in the validation data. However, the 
ANN model was far superior to each of the LSE model considered in this study. Additionally, the SVI saturation due 
to high biomass was not visible in the ANN-based model (Fig. 4). 

Sensitivity analysis on the ANN model showed that both NDVI and SIPI had similar influence on the LAI. The 
sensitivity values were calculated as a percentage contribution of a specific input to the output. The two inputs 
NDVI and SIPI had sensitivities of 0.47 and 0.53, respectively. This indicates that SIPI was slightly superior to 
NDVI in estimating LAI. This is understandable since SIPI combines blue, red, and NIR wavebands. Blue and red 
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are good indicators of pigment concentration in the vegetation. Usually, crops with high values of LAI have high 
amount of pigments. On the other hand, NDVI combines NIR and red, indicators of biomass (cell structure) and 
chlorophyll. Therefore, NDVI has some unique contribution with respect to the biomass of the crop that is not 
strongly indicated in SIPI. Therefore, the combination of SIPI and NDVI is desirable for predicting LAI. 
 

 

Figure 4. Performance of ANN model predicting LAI from NDVI and SIPI for (a) calibration, and (B) validation. 

 
 

CONCLUSIONS 

Leaf area index (LAI) is important for spatially distributed modeling of surface energy balance, 
evapotranspiration, and vegetation productivity. The Landsat 5 TM-based SVIs were evaluated using the ordinary 
least square regression and ANN techniques for their ability to retrieve LAI for major crops in the Texas High 
Plains. A set of most significant SVI-LAI models was identified. The R2 values for the selected models varied from 
0.76 to 0.84 with the power model based on the SIPI producing the best correlation with field-measured LAI. Unlike 
other reported studies, the NDWI, GI and WDRVI did not offer any advantage over NDVI for a mixed crop data 
with a broad range of LAI. The ANN model was able to explain 91% of variability in LAI in calibration data and 
84% of variability in validation data, when NDVI and SIPI were used as the input variables. Although both NDVI 
and SIPI contributed significantly to the prediction of LAI with the ANN model, SIPI was slightly superior, 
contributing 53% of the predictive capability. Overall, the remote sensing – neural network approach is promising 
for the rapid collection of LAI information on individual fields over large areas in a time and cost-effective manner. 
 
 

REFERENCES 
 

Anderson, M.C., C.M.U. Neale, F. Li, J.M. Norman, W.P. Kustas, H. Jayanthi, and J.L. Chavez., 2004. Upscaling 
ground observations of vegetation water content, canopy height, and leaf area index during SMEX02 using 
aircraft and Landsat imagery. Remote Sensing of Environment, 92(4): 447-464. 

Berk, A., G.P. Anderson, P.K. Acharya, M.L. Hoke, J.H. Chetwynd, L.S. Bernstein, E.P. Shettle, M.W. Matthew, 
and S.M. Adler-Golden., 2003.  Modtran 4 v3 Rev 1 User’s Manual. Feb. 11. Air Force Research 
Laboratory. Space Vehicles Directorate. Air Force Material Command, Hanscom AFB, MA. 

Broge, N. H., and E. Leblanc., 2001. Comparing prediction power and stability of broadband and hyperspectral 
vegetation indices for estimation of green leaf area and canopy chlorophyll density. Remote Sensing of 
Environment 76 (2):156-72. 



 
Pecora 17 – The Future of Land Imaging…Going Operational 

November 18 – 20, 2008 � Denver, Colorado 

 

Burkart, S., R. Manderscheid, and H. Weigel., 2004. Interactive effects of elevated atmospheric CO2 concentrations 
and plant available soil water content on canopy evapotranspiration and conductance of spring wheat. 
European Journal of Agronomy, 21(4): 401-417. 

Chander, G., and B. Markham., 2003. Revised Landsat-5 TM radiometric calibration procedures and postcalibration 
dynamic ranges. IEEE Transactions on Geosciences and Remote Sensing, 41(11): 2674-2677. 

Chen, J.M., and J. Cihlar., 1996. Retrieving leaf area index of boreal conifer forests using Landsat TM images. 
Remote sensing of Environment, 55(2): 153-162. 

Fang, H., and S. Liang., 2003. Retrieving leaf area index with a neural network method: simulation and validation. 
IEEE Transactions on Geosceince and Remote Sensing, 41(9):2052-2062. 

Gao, B.C., 1996. NDWI—A normalized difference water index for remote sensing of vegetation liquid water from 
space. Remote Sensing of Environment, 58(3): 257–266 

Garson, D.G., 1991. Interpreting neural network connection weights, AI Expert, 6:46-51. 
Gitelson, A.A., 2004. Wide dynamic rnage vegetation index for remote quantification of biophysical characteristics 

of vegetation. Journal of Plant Physiology, 161(2):165-173. 
Gitelson, A.A., A. Vina, T.J. Arkebauer, D.R. Rundquist, G. Keydan, and B. Leavitt., 2003. Remote estimation of 

leaf area index and green leaf biomass in maize canopies. Geophysical Research Letters, 30(5):1248-1251. 
Gowda, P.H., A.D. Ward, D.A. White, D.B. Baker, and J.G. Lyon., 1999. An approach for using field scale models 

to predict daily peak flows on agricultural watersheds. Journal of the American Water Resources 
Association, 35(5):1223-1232. 

Huete, A.R., 1988. A soil-adjusted vegetation index (SAVI). Remote Sensing of Environment, 25 (3), 295-309. 
Jacquemoud, S., F. Baret, B. Andrieu, F.M. Danson, and K. Jaggard., 1995. Extraction of vegetation biophysical 

parameters of the inversion of the PROSPECT+SAIL models on sugar beet canopy reflectance data- 
Application to TM and AVIRIS sensors. Remote Sensing of Environment, 52(3): 163-172. 

Jin, Y., and C. Liu., 1997. Biomass retrieval from high dimensional active/passive remote sensing data by using 
artificial neural networks. International Journal of Remote Sensing, 18(4): 971-979. 

Jordan, C.F., 1966. Derivation of leaf area index from quality of light on the forest floor. Ecology, 50(4):663-666. 
Kimes, D. S., R. F. Nelson, M. T. Manry, and A. K. Fung., 1998. Attributes of neural networks for extracting 

continuous vegetation variables from optical and radar measurements. International Journal of Remote 
Sensing, 19(14): 2639-2663. 

Meyer, P., K.I. Itten, T. Kellenberger, S. Sandmeirer, and R. Sandmeirer., 1993. Radiometric corrections of 
topographically induced effects on Landsat TM data in an alpine environment. Photogrammetric 
Engineering and Remote Sensing, 48(1):17-28. 

NASS., 2005. 2004 Texas Agricultural Statistics: Texas agriculture by the numbers. Texas Field Office, U. S. 
Department of Agriculture – National Agricultural Statistics Service, PO Box 70, Austin, TX, Bulletin 
263(1), 150 p. 

Penuelas, J., F. Baret, and I. Filella., 1995. Semi-empirical indices to assess carotenoids/ chlorophyll a ratio from 
leaf spectral reflectance. Photosynthetica, 31(2):221-230. 

Roujean, J.L., and F.M. Breon., 1995. Estimating PAR absorbed by vegetation from bi-directional reflectance 
measurements. Remote Sensing of Environment, 51(3):375-84. 

Rouphael, Y. and G. Colla., 2005. Radiation and water use efficiencies of greenhouse zucchini squash in relation to 
different climate parameters. European Journal of Agronomy, 23(2):183-194. 

Rouse, J.W., R.H. Haas, J.A. Schell, D.W. Deering, and J.C. Harlan., 1974. Monitoring the vernal advancements 
and retrogradation (green wave effect) of natural vegetation. In: NASA/GSFC Final Report, Type III, 
Greenbelt, MD, USA, pp. 1–137. 

Smith, J., 1993. LAI inversion using a back-propagation neural network trained with a multiple scattering model. 
IEEE Transactions on Geosceince and Remote Sensing, 31(5):1102-1106. 

Thenkabail, P.S., A.D. Ward, J.G. Lyon, and C.J. Merry., 1994. Thematic Mapper vegetation indices for 
determining soybean and corn growth parameters. Photogrammetry and Remote Sensing, 60(4):437-442. 

Thenkabail, P.S., 2003. Biophysical and yield information for precision farming from near-real-time and historical 
Landsat TM images. International Journal of Remote Sensing, 24(14):2879-2904. 

Tucker, C.J., 1979. Red and photographic infrared linear combination for monitoring vegetation. Remote Sensing of 
Environment, 8(2):127-150 

Turner, D.P., W.B. Cohen, R.E. Kennedy, K.S. Fassnacht, and J.M. Briggs., 1999. Relationships between Leaf Area 
Index and Landsat TM spectral vegetation indices across three temperate zone sites. Remote Sensing of 
Environment, 70(1):52-68. 

USDA-SCS. 1975. Soil survey of Moore County, Texas, 57p. 



 
Pecora 17 – The Future of Land Imaging…Going Operational 

November 18 – 20, 2008 � Denver, Colorado 

 

Walthall, C., W. Dulaney, M. Anderson, J. Norman, H. Fang and S. Liang., 2004. A comparison of empirical and 
neural network approaches for estimating corn and soybean leaf area index from Landsat ETM+ imagery. 
Remote Sensing of Environment, 92(4):465-474. 

Welles, J.M., and J.M. Norman., 1991. Instrument for indirect measurement of canopy architecture. Agronomy 
Journal, 83(5):818-825. 

Wiegand, C.L., A.J. Richardson, and E.T. Kanemasu., 1979. Leaf area index estimates for wheat from Landsat and 
their implications for evapotranspiration and crop modeling. Agronomy Journal, 71(2):336-342. 

Xavier, A.C. and C.A. Vettorazzi., 2004. Mapping leaf area index through spectral vegetation indices in a 
subtropical watershed. International Journal of Remote Sensing, 25(9):1661-1672. 


	Next Page
	Previous Page
	========================
	Table of Contents
	Author Index
	Exhibitors
	Copyright
	============================
	Print

