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Abstract
The ability to effectively use remotely sensed data for environmental analysis is dependent on understanding the
underlying procedures and associated variances attributed to the data processing and image analysis technique.
Equally important is understanding the error associated with the reference data used to assess the accuracy of
image products. This paper details measurement variance accumulated in the development of a leaf area index
(LAI) reference maps used to assess the accuracy of the Moderate Resolution Imaging Spectroradiometer
(MODIS) MOD15A2 LAI 1000-m product in the southeastern United States.

MODIS LAI was compared with reference data derived from Landsat Enhanced Thematic Mapper (ETM+)
during the 2002 field season in the Albemarle-Pamlico Basin in south-central Virginia. Ground-based optical LAI
estimates, at scales ranging between 1-m to 100-m, were correlated with various ETM+ derived vegetation indices
at a 30-m pixel resolution. These 30-m pixels were scaled up to the 1000-m MODIS LAI pixel resolution and
averaged to give one LAI value. A detailed listing of error propagation for this reference data set includes
uncertainty associated with: (1) integrated optical LAI field estimating technique combining the Tracing
Radiation and Architecture of Canopies (TRAC) instrument and hemispherical photography, (2) the classification
of ETM+ into land-cover components, and (3) the scaling of this 30-m classified data into MODIS (1000-m x
1000-m) scale resolution.

This paper has been reviewed in accordance with the United States Environmental Protection Agency’s peer and
administrative review policies and approved for presentation and publication.

1. Introduction
The assessment of ecosystem condition through the synoptic monitoring of terrestrial vegetation extent, biomass,
and seasonal dynamics using remotely sensed data has begun to answer questions related to carbon sequestration
and the expansion of greenhouse gases, biogenic emissions related to air quality, and other significant
environmental issues. Validation of these satellite-derived vegetative parameters includes the examination of
accumulated variances stemming from data acquisition, data processing, and final accuracy assessment
(Congalton and Green, 1999). The importance of gaining an understanding of this variation through the entire
validation process relates to the significance of these inputs for process-based models. One input of interest, leaf
area index (LAI) defined here as one-half the total green leaf area per unit ground surface area (Chen and Black,
1992), has been used for the quantification of surface photosynthesis, evapotranspiration, and annual net primary
production. LAI has been used in the calculation of terrestrial energy, carbon, water cycle processes, and the
biogeochemistry of vegetation. This variable has been cited as the variable of greatest importance for quantifying
energy and mass exchange by plant canopies over landscapes (Running et al., 1986) and has been shown to
explain 80% - 90% of the variation in the aboveground net primary production (NPP) for forests in the United
States (Gholz, 1982; Gower et al., 1992; Fassnacht and Gower, 1997).

As of 1999, LAI, along with the fraction of photosynthetically active radiation (fPAR) absorbed by vegetation has
been estimated from the spectral and angular properties captured by the Moderate Resolution Imaging
Spectrometer (MODIS) sensor aboard the Terra EOS-AM spacecraft. The assessment and validation of this
product (MOD15A2) in the biologically diverse ecosystem of the southeastern United States is of primary interest
to researchers from the United States Environmental Protection Agency. The validation process of the MOD15A2
LAI/fPAR MODIS product involves: (a) estimating associated error in the LAI algorithm inputs and (b)
accounting for the error associated with the validation process. Within the algorithm, the primary inputs are up to
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seven atmosphere-corrected surface spectral bi-directional reflectance factors that are used to achieve a localized
solution based on a look-up-table (LUT) method (Knyazkhin et al., 1998). Failure of a localized solution requires
implementation of the back-up method utilizing the empirical relationship of the normalized difference vegetation
index (NDVI) and LAI.

With respect to the validation process, MODIS derived LAI is compared with reference data from Landsat
Enhanced Thematic Mapper (ETM+) data. This reference data is established by correlating ground-based LAI
estimates with NDVI computed from the ETM+ spectral properties at a 30-m resolution pixel. These 30-m pixels
are scaled up to the 1000-m MODIS LAI pixel resolution and averaged to give one LAI value. Components
within the reference data must be assessed for variation, specifically the type of ground-based estimation
technique implemented, along with the potential errors involved with the utilization of the ETM+ data itself. For
this research, we used a ground-based optical measurement technique that has been used with promising results in
the Canadian boreal forest and western United States coniferous forest ecosystems: The integrated method
combining hemispherical photography with the Tracing Radiation of Canopies (TRAC) instrument (TRAC-
HEMI). However, to date, no research has investigated this integrated method of LAI estimation in loblolly pine
(Pinus taeda) plantations in the southeastern United States. The need to establish measurement variance within
this specific forest type is justified based on the percentage of forestland loblolly pine occupies in this geographic
area. In the United States forests have sequestered enough carbon to offset approximately 25% of US emissions
(Birdsey and Heath, 1997). The South accounts for 24% of US land area, of which 58% is forested. Of this
forested land, 20% is owned by forest industry (Johnsen et al., 2001). In particular, the area of commercial
forestlands in loblolly pine has increased 15.3% in 29 years (1960-1989) (Schultz, 1997). This particular tree
species has a significant influence over the southern landscape with regards to carbon sequestration, atmospheric
deposition, biogenic emissions, and other factors, thus justifying intensive research into seasonal and annual
fluctuations of biomass.

Chen et al. (1997) commented on the inherent difficulties in measuring LAI in coniferous forest stands using
indirect optical methods. They identified high levels of natural variability, lack of standards, difficulty in
distinguishing leaf from woody tissue, and issues with scaling from localized measurements to regional scales as
the primary issues confounding LAI estimation. To understand if the LAI signal can be detected through the
noise, these variances must be quantified and budgeted. This paper investigates the accumulated error identified at
different stages of the MODIS validation process on two adjacent 1000-m LAI pixels located in south-central
Virginia.

1.1 Indirect Optical LAI Measurement
Direct destructive sampling (i.e., harvesting a tree and manually counting and measuring the leaves) is regarded as
the most accurate approach to estimating LAI. However, destructive sampling is time consuming and labor
intensive, therefore motivating development of more rapid indirect field optical methods. Optical methods
measure the canopy gap fraction to estimate LAI in forested canopies. Issues that confound optical estimation of
LAI include an unknown foliage angle distribution, errors introduced due to nonrandom spatial distribution of
foliage elements, and the contribution of supporting woody material to radiation interception (Chen and Cihlar,
1995).

1.1.1 TRAC and Hemispherical Photography
The TRAC sunfleck profiling instrument consists of three quantum PAR (400-700 nm) sensors (LI-COR,
Lincoln, NE, Model LI-190SB) mounted on a wand with a built-in data logger (Leblanc et al., 2002). The
instrument is hand-carried along a linear transect at a constant speed, measuring the downwelling solar
photosynthetic photon flux density (PPFD) in units of µmol/m2/second (Figure 1). The data record light-dark
transitions as the direct solar beam is alternately transmitted and eclipsed by canopy elements. This record of
sunflecks and shadows is processed to yield a canopy gap size distribution and other canopy architectural
parameters, including LAI and a foliage element clumping index.
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Figure 1. PPFD readings along 100-m transect at 10-m intervals. (Note: 100 readings recorded per meter. Histogram
fluctuations indicative of solar radiation infiltration into the canopy, i.e. the higher the spike, the more light infiltration to the
ground.)

From the downwelling solar flux recorded along a transect, the TRACWin software (Leblanc, et al., 2002)
computes the following derived parameters describing forest canopy architecture: (a) canopy gap size (physical
dimension of a canopy gap); (b) canopy gap fraction (percentage of canopy gaps); (c) foliage element clumping
index, Ωe (θ); (d) plant area index (PAI) which includes both foliage and woody material; and (e) LAI with
clumping index (Ωe) incorporated. Note that in each case the parameters are for the particular solar zenith angle θ
at the time of data acquisition, defining an inclined plane slicing the canopy between the moving instrument and
the sun.

Regarding hemispherical photography, the calculation of canopy metrics is dependent on the accuracy of
measured gap fraction as a function of zenith angle and azimuth. The digital image is divided into zenith and
azimuth �sky addresses� or sectors (Figure 2), where each sector can be described by a combined zenith angle and
azimuth value. Within a given sector, gap fraction is calculated with values between zero (totally �obscured� sky)
and one (totally �open� sky), and is defined as the proportion of unobscured sky as seen from a position beneath
the plant canopy (Delta-T Devices, 1998).

Figure 2. Zenith and azimuth sectors imposed on a 2-dimensional hemispherical photograph. Photograph is taken upward
through the canopy
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LAI calculated using hemispherical photography or other indirect optical methods does not account for the non-
randomness of canopy foliage elements. Hence, the term effective leaf area index (Le) is used to refer to the leaf
area index estimated from optical measurements including hemispherical photography.  Le typically
underestimates �absolute� LAI (Chen et al., 1991).  This underestimation is due in part to non-randomness in the
canopy (i.e., foliage �clumping�) at the scales of tree crowns, whorls, branches, and shoots.  The TRAC
instrument was developed at the Canada Centre for Remote Sensing (CCRS) to help address canopy
nonrandomness (Chen and Cihlar, 1995). An integrated method recommended by Chen et al. (1997) combines the
effective LAI measurement [LΩ (θ)] provided by the LAI-2000 and hemispherical photography with the
clumping index [Ω] provided by TRAC. This produces a more robust estimate of LAI that accounts for both gap
fraction and gap size distribution (Hall et al., 2003). Chen et al. (1997) provides the following equation for LAI
(1):

LAI = (1-α) Le(λE/ΩE)

where α is the woody area to total tree area ratio, (1-α) is the contribution of leafy materials only, ΩE represents
the effect of foliage clumping at scales larger than the shoot, λE is the needle area to shoot area ratio, and Le is the
effective LAI  (i.e., ΩLt), also referred to as the plant area index (PAI).  Thus, ΩE is obtained from the TRAC
instrument, Le is obtained from hemispherical photography, and λE and α is measured in the field.

Needle-to-shoot area ratios, defined as one-half the needle area to one-half of the shoot silhouette area, have
ranged between 1.2 and 2.1 for spruce and pine, dependent on species, for a number of studies (Smith et al., 1993;
Stenberg et al., 1994, Chen and Cihlar, 1995; Chen et al., 1997).  The ΩE ranges reported by Hall et al. (2003)
showed that the clumping indices were similar for all species with 0.69-1.00 for lodgepole pine, 0.64-0.99 for
white spruce, 0.77-0.96 for mixed forest, and 0.69-1.00 for deciduous. The woody-to-total ratio accounts for the
percentage of woody material contributing to the calculation of gap fraction. Not accounting for this ratio inflates
LAI estimates from simple gap fraction measurement techniques (LAI-2000 and hemispherical photography).
Typical measurements range between 5-35%. However, this range is based on a random distribution of foliage
and branches in the canopy. Canopies, however, may have foliage that preferentially masks branches, resulting in
the need for application of a correction factor. Branches are assumed to intercept only a small proportion of
incident radiation into the canopy (Lang et al., 1991; Fassnacht et al., 1994; Fournier et al., 1996; Kucharik et al.,
1998b).

To determine ΩE, a gap accumulation curve is produced, where the gap fraction is accumulated from the largest to
the smallest gap. A gap removal method is then used to quantify gaps resulting from non-randomness of canopy
(Chen and Cihlar, 1995). The clumping effect, ΩE, is then determined from the difference between the measured
gap fraction and the gap fraction after removal of gaps resulting from non-randomness.

2. Methods
Leaf area variation is a naturally occurring phenomenon occurring over time scales ranging from minutes, to days,
to seasons, and ultimately to years (Weiss et al., 2004). Influences affecting changes in leaf area include
environmental stress (water, wind, etc.), phenological evolution, ecosystem dynamics and disturbance, and land-
use activities. Capturing the signal of LAI change is a function of the variability of the field methods employed to
measure LAI either directly or indirectly along with accounting for the variances associated with the scaling of
this ground reference data to scales representative of various satellite platforms (ETM+ and MODIS). The
following section describes the (1) MODIS LAI validation site location, (2) LAI field estimation techniques, (3)
ETM+ land-cover classification process, and (4) cumulative error budget for the entire process.

2.1 MODIS LAI Validation Site Location
The Appomattox site (37.219, -78.879) is at an elevation of 165-215 meters above sea level in the upper piedmont
region of Virginia (figure 3). The two 1000-m MODIS LAI pixels (figure 4) are comprised of pine (68-73%),
hardwood (25-31%), and agriculture (1-2%) as estimated by heads-up digitization of digital orthophoto quarter
quadrangles (DOQQs).

(1)
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Figure 3. Appomattox site map located at site #3 (arrow).

Figure 4. Two 1000-m MODIS LAI pixels evaluated at the
Appomattox research site. (A) Top Pixel and (B) bottom pixel

A

B
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2.2 LAI Field Estimation Techniques
A review of the Beer-Lambert Law (2) predicts the probability [P (θ)] of a light beam penetrating a forest canopy
without being intercepted by the existing canopy at an incident angle θ as:

P(θ)=exp[-K(θ)Ω(θ)L/cos(θ)]
where,

P(θ) Derived from multiple angle measurements of gap fraction
(TRAC and LAI-2000/Hemispherical photography)

-K(θ) Projection coefficient Derived from multiple angle measurements of gap fraction
(TRAC and LAI-2000/Hemispherical photography)

Ω(θ)L Effective LAI Derived from multiple angle measurements of gap fraction
(LAI-2000/Hemispherical photography)

Ω Clumping Index Derived from the quotient of λ/Ωe

λ Needle-to-Shoot area ratio Derived from field, species specific
Ωe Element Clumping Index Derived from TRAC

TRAC and hemispherical photography measurements were made during 2002 from pre-leafout to autumnal leaf
senescence. The fundamental field-sampling units are referred to as quadrants and subplots (Iiames et al., 2003).
A quadrant is a 100-m x 100-m grid with five 100-m east-west TRAC sampling transects and five interspersed
transects for hemispherical photography (lines A-E) (Figure 5). A subplot consists of two 50-m transects
intersecting at a 25-m center point (Figure 5).  The two transects are oriented at 45o and 135o to provide flexibility
in capturing TRAC measurements during favorable morning and afternoon solar zenith angles. Quadrants were
designed to approximate an ETM+ 3 x 3 pixel window (8,100 m2). Subplots were designed to increase the density
of sample sites over an area, and were selected on the basis of ETM+ NDVI values to sample over the entire range
of variability. Quadrants were geographically located on each LAI validation site using real-time differentially
corrected GPS (Omnistar) to a horizontal accuracy of + 1.0 m. TRAC transects were marked every 10 m with a
labeled 46 cm wooden stake.  The stakes were used in TRAC measurements as walking-pace and distance
markers.  Hemispherical photographs were taken along transects staked and marked at the 10-, 30-, 50-, 70-, and
90-m locations.

Figure 5. Quadrant and Subplot design.

In order to quantify a number of inputs into the TRAC and hemispherical photography algorithms, plots were
established in areas where destructive harvests were completed that year. Needle-to-shoot area ratio
measurements were made from loblolly pine shoot clippings taken from three height levels within randomly

(2)
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chosen dominant, codominant, intermediate, and suppressed trees. Tables 1 and 2 document variables of interest
measured for variation within the TRAC and hemispherical measurement process.

Table 1. A summary of measurement variance associated with hemispherical photography

Hemispherical Photography Error Summary:

1. Camera position over point
2. Camera height
3. Image orientation (north direction)
4. Image collection time of day (overcast vs. dusk/dawn)
5. Within camera variability: Image size (1280 x 960, 1600 x 1200, 2048 x 1536)
6. Within camera variability: Image quality � Issues of jpeg compression. At higher compression ratios, the

block pattern of the pixels becomes more visible; also loss of detail.
7. Between-camera variability: Lens differences may result in slight differences in field-of-views
8. Between-camera variability: Image size and quality
9. Image processing variability (between analyst):

- Image classification � image is assigned the wrong position ID
- Between software variability � GLA, WINSCOPY, HEMIVIEW

10. Image processing variability (Within Analyst):
- Image registration �Size of the registration circle must be consistent across all images.
- Image orientation
- Threshold

Table 2. A summary of measurement variance associated with TRAC

TRAC Error Summary:

1. Data Collection
- Operator velocity
- Solar geometry (azimuth and zenith angles)
- Sensor orientation (level vs. off-level)
- Atmospheric conditions

2. Data Processing: estimates of
- Mean element width
- Needle-to-shoot area ratio
- Woody-to-total area ratio
- Above canopy PPFD

2.3 Image Classification
Within the classification process variation may occur in the georectification, data exploration, or the classification
stage. Georectification involves employing one of a number of resampling algorithms (i.e., nearest neighbor,
bilinear convolution, cubic convolution), some having more of a direct effect on the resulting digital number
value than others. Within the data exploration stage, the analyst has numerous methods to determine the best band
combinations for the classification stage. These analysis techniques include spectral pattern analysis, bi-spectral
plot analysis, histogram analysis, divergence analysis, and others. In the classification stage, the analyst has the
opportunity to affect the classification accuracy depending upon the training site delineation for land-cover
signature separability. Finally, the chosen classification algorithm affects the land-cover classification. The
remote sensing analyst can choose from parametric (e.g. maximum likelihood, Mahalanobis distance, minimum
distance) or non-parametric (e.g. feature space or parallelepiped) rule-based supervised classifiers when
classifying a particular image. Unsupervised and hybrid classification classifiers also have a myriad of elements
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that contribute to the overall noise of the classified variance. This research however is limited to the supervised
classification technique.

2.3.1 Inter-operator Variability
Inter-operator variability was measured on two levels of the classification process: (1) training site variation
(number and placement) and (2) best band combination. Training site variability was studied by providing a 4-
band georectified image at 30-m spatial resolution to 10 graduate-level remote sensing students at the University
of New Hampshire. The 10 classifications produced by this group were based solely on the robustness of the
training site delineation. This was controlled by a remote sensing specialist producing the 4-band image through
data exploration incorporating spectral pattern analysis, bi-spectral plot analysis, divergence analysis, and
histogram analysis.  A 10-km x 10-km ETM+ scene was subset from an August 12, 2002 image after being
georectified using the �nearest neighbor� resampling algorithm. The subset image was centered on the Modis
1000-m LAI cell containing the Appomattox research site (figure 4). Using Leica Erdas Imagine 8.7 imaging
software, derivative bands were created and �stacked� to the original ETM+ 6-bands. The derivative bands chosen
along with the associated formulas are found in table 3.

Table 3. Derivative bands created from original 6-band ETM+ imagery

Band Abbreviation Formula
NDVI NDVI (TM 4 � TM 3)/(TM4 + TM 3)
Ratio 4/3 43 TM 4/TM 3
Ratio 5/4 54 TM 5/TM 4
Square Root (4/3) SQRT43 SQRT (TM 4/TM 3)
Vegetation Index VI TM 4 � TM 3
TNDVI tNDVI NDVI x 0.5

In order to achieve band matrix invertibility, a necessary component for divergence analysis, three layer stacks
were created using the following band combinations: (1) TM123457_NDVI, (2) TM123457_43_54, and (3)
TM123457_SQRT43_VI_tNDVI. Spectral patterns (Figures 6, 7, and 8) and divergence results (Tables 4, 5, and
6) were analyzed for all of the three layer stacks.

Figure 6. Spectral pattern analysis for layer stack TM123457_NDVI. (Light green=Pine; Dark green=Hardwood;
Red=Mix; Light Blue=Agriculture; Dark blue=Water; Purple=Urban). Bands1-6 refer to ETM+ bands 1,2,3,4,5, and 7.
Band 7 is the NDVI
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Figure 7. Spectral pattern analysis for layer stack TM123457_43_54. (Light green=Pine; Dark green=Hardwood;
Red=Mix; Light Blue=Agriculture; Dark blue=Water; Purple=Urban). Bands1-6 refer to ETM+ bands 1,2,3,4,5, and 7.
Band 7 is ratio 43, while band 8 is ratio 54.

Figure 8. Spectral pattern analysis for layer stack TM123_SQRT43_VI_tNDVI. (Light green=Pine; Dark green=Hardwood;
Red=Mix; Light Blue=Agriculture; Dark blue=Water; Purple=Urban). Bands1-3 refer to ETM+ bands 1,2,and 3. Band 4 is
SQRT 4/3, band 5 is VI, and band 6 is tNDVI.
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Table 4. Divergence analysis for TM123457_NDVI. The number of bands signifies best bands chosen based on minimum
separability and average separability.

# Bands Transformed Divergence Jeffries-Matusita Divergence

Table 5. Divergence analysis for TM123457_43_54. The number of bands signifies best bands chosen based on
minimum separability and average separability.

# Bands Transformed Divergence Jeffries-Matusita Divergence

Table 6. Divergence analysis for TM123457_SQRT43_VI_tNDVI. The number of bands signifies best bands
chosen based on minimum separability and average separability.

# Bands Transformed Divergence Jeffries-Matusita Divergence

1 Min(1) Min(5) Min(1)
Ave(4) Ave(5) Ave(7)

2 Min(4,5) Min(5,7) Min(4,5)
Ave(3,7) Ave(4,5) Ave(5,7)

3 Min(3,5,7) Min(1,4,5) Min(3,5,7)
Ave(2,3,7) Ave(3,4,7) Ave(5,6,7)

4 Min(1,2,3,4) Min(1,3,5,7) Min(1,2,3,4)
Ave(1,2,3,4) Ave(3,4,5,7) Ave(1,5,6,7) 

1 Min(1) Min(5) Min(1)
Ave(2) Ave(5) Ave(8)

2 Min(1,1) Min(4,5) Min(1,1)
Ave(3,8) Ave(5,8) Ave(7,8)

3 Min(1,1,1) Min(4,5,8) Min(2,3,8)
Ave(2,3,8) Ave(3,4,7) Ave(3,4,8)

4 Min(4,5,7,8) Min(4,5,7,8) Min(4,5,7,8)
Ave(2,3,6,8) Ave(2,4,5,8) Ave(2,3,4,8) 

1 Min(1) Min(5) Min(1)
Ave(2) Ave(5) Ave(8)

2 Min(1,1) Min(4,5) Min(1,1)
Ave(3,8) Ave(5,8) Ave(7,8)

3 Min(1,1,1) Min(4,5,8) Min(2,3,8)
Ave(2,3,8) Ave(3,4,7) Ave(3,4,8)

4 Min(4,5,7,8) Min(4,5,7,8) Min(4,5,7,8)
Ave(2,3,6,8) Ave(2,4,5,8) Ave(2,3,4,8) 
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Based on the results provided by data analysis techniques previously mentioned, the best 4-band combination
included ETM+ bands 5 and 7, SQRT 4/3, and tNDVI. UNH analysts will locate training sites using color infrared
DOQQs for the following land-cover classes:

�Deciduous forest � at least 25% of the area is covered by trees and more than 75% of the crown closure
of the trees is deciduous.
�Coniferous forest - at least 25% of the area is covered by trees and more than 75% of the crown closure
of the trees is coniferous.
�Mixed forest - at least 25% of the area is covered by trees and neither conifers or deciduous trees have
more than 75% crown closure.
�Water � lakes, ponds, and reservoirs.
�Agriculture � areas having less than 25% tree coverage and more than 10% other vegetation such as
grass, crops, and shrubs.
�Developed � areas in which buildings and other structures exist with a density of at least one structure
per acre.

After training site signatures have been completed, the maximum likelihood parametric decision rule will be used
to classify the image. Accuracy assessments will be completed for all ten classifications independent of the
producer of the classification. Inter-operator difference will be incorporated into the overall error budget. The
same procedure will be used to analyze signature inter-operator difference. Five remote sensing specialists at the
EPA will classify the same subset area, by exploring the data, and then they will choose the best band
combination based on their evaluations. An independent reviewer will assess these five classifications for
accuracy. These results detailing band number and choice differences will be incorporated into the overall error
budget.

Other error components to be assessed within the supervised classification process that will be assessed include:
(1) type of classifier algorithm chosen either parametric decision rules (maximum likelihood, Mahalanobis
distance, or minimum distance) or non-parametric decision rules (feature space or parallelepiped); and (2) training
site placement with respect to position within the polygon of interest (center or edge). A summary of the
classification errors to be measured is shown in table 7.

Table 7. A summary table of errors measured during the classification process

Classification Error Summary

1. Georectification
- Resampling (nearest neighbor, bi-linear interpolation, cubic convolution)

2. Data Exploration (relating to band combination choice)
3. Classification

a. Supervised
Training site (location, number)
Band combinations and number
Classifier algorithm (parametric, non-parametric)

b. Unsupervised
c. Hybrid

 3. Results and Discussion
This section provides preliminary variability results of the completed measurement parameters. Once all variables
have been accounted for, variances will be modeled using a classic Monte Carlo simulation.
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3.1 MODIS LAI Variability
The primary approach for calculating LAI involves the inversion of surface reflectance in two to seven spectral
bands, and comparison of the output to biome-specific look up tables derived from three- dimensional canopy
radiative transfer modeling.  All terrestrial land-cover is assigned to six global biomes, each with distinct canopy
architectural properties that drive photon transport equations.  The six biomes include grasses and cereal crops,
shrubs, broadleaf crops, savannas, broadleaf forests, and needle forests.  The back-up (secondary) technique is
invoked when insufficient high-quality data are available for a given compositing period (e.g., cloud cover, sensor
system malfunction) and calculates LAI based on empirical relationships with NDVI.  However, a deficiency
inherent with the second approach is that NDVI saturates at high leaf biomass (LAI values between 5-6).  The
computational approach used for each pixel is included with the metadata distributed with each data set. The
MODIS LAI product is composited over an eight day period. Variation of LAI over the two 1000-m MODIS LAI
pixels for year 2002 is shown in figure 9.

Figure 9. Top (A1) and bottom (B1) MODIS LAI pixel time series graphs of 8-day composited LAI over the 2002
growing season These two pixels refer to the adjacent MODIS pixels seen in figure 4. LAI on the Y-axis is
multiplied by a factor of ten. Top (A2) and bottom (B2) MODIS LAI pixel graphs after smoothing with a 3-date
moving average. The red arrow depicts the growing season for year 2002.

It is interesting to note the within growing season variation occurring on both pixels. The precipitous dip in mid-
season LAI seen in A2 of figure 9, may be a function of any number of events (i.e., drought conditions, evergreen
needle drop, thinning operation). However, the widely varying drop and rise of LAI by 1.5 units (Figure 9 A.2) is
highly unlikely in this ecosystem.
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3.2 TRAC and Hemispherical Photography Variability
Needle and shoot measurements of loblolly pine have shown high variability within trees and between trees, as
well as positions in the canopy. Shoot area (cm2), needles per shoot, and needle length (cm) are described
statistically in table 8.

Table 8. Loblolly pine needle summary statistics

Statistic Shoot Area (cm2) Needles/Shoot Needle Length (cm)
Mean 431.6 392.6 14.2
Standard Dev 191.6 143.8 3.6
Minimum 234.2 189 3.0
Maximum 1001.9 804 24.6

4. Conclusions
Tracking error throughout the entire MODIS LAI validation process will require attention to all levels of
detail for each parameter of interest. Once all parameters have been measured, variability can be processed
using Monte Carlo simulation. Additional results of this research will be presented at the Accuracy 2004
Conference in Portland, Maine.
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