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Abstract: Ecological site descriptions (ESDs) based on soil maps, Landsat 7 ETM+
band values, and vegetation index data from 12 scenes were used as predictive
variables in linear regression estimates of total biomass using field data from five
Montana ranches. Bandwise regression explained the most variability (53%) when
ESDs were not included, followed by tasseled cap components (51%), the soil
adjusted vegetation index (44%), and the normalized difference vegetation index
(41%). ESDs improved the amount of variability explained to 66% for bandwise
regression and 65% using tasseled cap components.

INTRODUCTION

One of the most important applications of remotely sensed data is the estimation
of vegetation amount, whether in the form of percent cover, biomass, leaf area index,
fraction of intercepted photosynthetically active radiation, or other measures. By far
the most common means of making such estimations is through ordinary least squares

ICorresponding author; email: rickl@montana.edu

1

GlIScience & Remote Sensing, 2006, 43, No. 4, p. 1-14.
Copyright © 2006 by V. H. Winston & Son, Inc. All rights reserved.



2 MAYNARD ET AL.

regression analysis. This method has the advantage of clearly modeling the relation-
ship between the response variable and the spectral predictors, although the approach
has been shown to have some shortcomings (Cohen et al., 2003). The dominant
approach for such regression analyses has been to use the measured vegetation
amount as the response variable and a vegetation index (in most cases the normalized
difference vegetation index, NDVI) as the explanatory variable. This practice remains
common, although it has been shown that it results in inferior biomass estimates when
compared to those using non-indexed spectral data (Lawrence and Ripple, 1998).

Regression estimates of vegetation amount using vegetation indices encounter
three major issues: First, the regressions are limited to the bands included in the
index, usually red and near infrared, without consideration of whether other bands
might improve the estimates; Second, indices restrict the ability to model the effects
of different vegetation/energy interactions in different portions of the spectrum.
Third, soil heterogeneity can affect spectral responses. The second issue can be seen
best by a decomposition of a standard regression using vegetation indices into the
component spectral bands. A common regression takes the form of:

Vegetation amount = 3 + (B; * NDVI), (1)

where B and P are the intercept and slope, respectively, of the regression line
(Lawrence and Ripple, 1998). An alternative expression of this regression when
NDVI is decomposed is:

Vegetation amount = 3 + (1 * ((Near IR - Red)/(Near IR + Red))). (2)

It is evident from Equation 2 that a single coefficient, 1, is applied to a combina-
tion of the near infrared and the red portions of the spectrum. The red portion of the
spectrum, however, responds primarily to chlorophyll and leaf pigments, while the
near infrared portion responds primarily to spongy leaf mesophyll. An effect of this
difference in response is the tendency of red to saturate at a lower level than near
infrared, resulting in a lower “spectral asymptote” for red (Ripple, 1985). Conse-
quently, regression models have more explanatory power when each of these bands
can be modeled with its own coefficient (Ripple, 1994; Lawrence and Ripple, 1998;
Robinson et al., 2004).

The third known limitation of vegetation indices is the effect of soil variability on
the relationship between vegetation amount and spectral response. This effect has
been well documented by studies examining what effect variable percentages of
exposed soil, standing dead vegetation, litter, and green biomass have on various band
combinations, indices, and modifications to the NDVI (Colwell, 1974; Wiegand et al.,
1974; Tueller, 1987; Crippen, 1990; Galvao et al., 2000; Gitelson et al., 2002). A
range of specialized modifications to factor soil reflectance in the ratio vegetation
indices has been published (Huete, 1988; Baret et al., 1989; Baret and Guyot, 1991;
Qi et al., 1994). The NDVI and its functional equivalents continue to be widely
applied in remote sensing studies of vegetation attributes, notwithstanding these limi-
tations (Curran, 1980; Perry and Lautenschlager, 1984; Bannari et al., 1995; Reeves et
al., 2001; Tueller, 2001; Thoma et al., 2002). The tasseled cap transformation, which
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incorporates other bands, has also received widespread use, but again does not
address soil variability, assuming an average soil response (Kauth and Thomas, 1976;
Crist and Cicone, 1984; Huang et al., 2002). Bandwise regression, which allows sepa-
rate coefficients for each band, allows the inclusion of other bands, and permits band
transformations, has been shown to be superior to ratio indices in estimating biomass
(Lawrence and Ripple, 1998), but it also fails to account expressly for soil variability.

We investigated an alternative to correcting indices for soil variability by using
widely available ecological site descriptions (ESDs) (West et al., 1994; NRC, 1994)
to account for landscape and site level differences in the spectral response of soils
across differing backgrounds. This approach eliminates the need to assume a univer-
sal correction for varying soil lines and at the same time complements the advantages
of using bandwise regression, as soils within ecological sites could simply be added
as an additional regression variable.

Ecological site mapping is an established method used to delineate unique
geographic expressions of the environmental variables that control ecosystem
processes and ecological differences at successively more refined scales. Ecological
sites address the influence of environmental parameters such as climate, parent mate-
rial, topography, and soils on site-specific ecological potential for differing vegetation
types (Shiflet, 1973; Laurenroth, 1979; NRCS, 1997). Ecological site descriptions
provide a useful template for efficient ecological inventories and ensuring that data
analysis and interpretations are consistent with site potential differences (Zonnefeld,
1989; Nesser et al., 2001). These mapping concepts have been incorporated into a
variety of currently published landscape-level ecological site description products
that have been widely used in applications addressing global, regional, and local
differences in vegetation types and productivity; analyzing the response of differing
biophysical environments to natural and management related disturbance; and provid-
ing a framework for biological assessments (Bailey, 1983; Merriam, 1988; Zonnefeld,
1986; Omernick, 1987, 1995; Loveland et al., 1991; Nesser et al., 1996, 2001; Cooper
and Heidel, 1999; Homer and Gallant, 2001). ESDs attributed by subsection and
derived from 1:24,000-scale SSURGO soils data are at a commonly used ecological
site scale for evaluating rangeland vegetation types, productivity classes, and ecologi-
cal health parameters and are consistent with accepted ecological mapping practices
and current rangeland inventory methods in the United States and elsewhere (Shiflet,
1973; Wilson et al., 1984; Zonnefeld, 1989; Pickup et al., 1993; NRC, 1994;
Willoughby, 1998).

Our first objective was to demonstrate that using bandwise regression would
result in better regression models than using indices. We used the most common indi-
ces for this purpose, NDVI, Soil-Adjusted Vegetation Index (SAVI), and tasseled cap
components, although we could have demonstrated this principle with any other of
the many available indices. Our second objective was to determine whether including
ecological sites and soils data in regressions might provide superior modeling of
biomass (and, by logical extension, other measures of vegetation amount) compared
to both traditional approaches using vegetation indices and bandwise regression with-
out this information.
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Fig. 1. Location of study sites in Montana. The five ranches are indicated by stars. The bold
lines display section boundaries; lighter lines are subsection boundaries.

METHODS
Study Sites

Field data for this study were collected from 24 ecological site descriptions
(ESDs) on five Montana ranches (Fig. 1). Each ranch was located within a different
Landsat 7 ETM+ scene. Mean annual precipitation across the sites ranged from 250 to
480 mm, and the topography varied from steep foothills to rolling plains with eleva-
tions between 460 and 1280 m. The dominant potential grassland vegetation ranged
from wheatgrass-fescue-needlegrass to grama-needlegrass-wheatgrass.

Data

Field samples were collected from approximately 11 random locations within
each ESD. All green and senesced vegetation biomass within a single 0.75 m? area
was clipped to ground level for each field sample. We recognized that these samples
could not be expected to each represent the biomass of a Landsat 900 m? pixel;
however, because the sample sites were randomly selected and therefore unbiased, we
could expect the samples on average to represent the biomass within the pixels
(Ramsey and Shafer, 2002). The identification of the plot location within the ecologi-
cal sites sampled was based on a stratified random design based on ESD and the
digital soil survey maps from which GPS coordinates were randomly generated for
sample points within each ESD (Warren et al., 1990). Random points where site char-
acteristics were inconsistent with the dominant vegetation and soil properties of the
described ESD were rejected, and an alternative random plot was located. Clipped
samples were dried and weighed. Field data for the 263 plots used in the analysis
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Table 1. Landsat 7 ETM+ Scene (path/row), Scene Dates, Field Biomass Clipping
Dates, and Days between Image and Clipping Dates for Data Used in the Study

Field biomass Days between image
Scene Scene date clipping date and clipping dates
35/28 06/08/2000 06/16/2000 8
35/28 08/27/2000 08/25/2000
35/29 06/08/2000 06/14/2000 6
35/29 08/11/2000 08/24/2000 13
35/29 08/14/2001 08/16-17/2001 2-3
38/26 07/22/2000 08/02—03/2000 11-12
38/26 08/03/2001 07/25-26/2001 89
38/28 07/31/2000 07/28/2000 3
38/28 08/03/2001 08/07-08/2001 4-5
38/29 07/29/2001 08/21/2001 23
40/26 07/13/2000 07/18/2000 5
41/26 08/01/2001 07/16/2001 16

were collected over the period from 6 June 2000 to 14 August 2002. All field data
were collected within 22 days of the corresponding Landsat ETM+ image date (Table
1). We tested the significance of a variable to account for the difference between field
and image collection dates to see if the large lags in some of the cases significantly
affected our results, and in all cases the variable was not significant (p-value > 0.05).

Twelve Landsat 7 ETM+ scenes dating from June 8, 2000 to August 1, 2002 of
the Level 1G NASA data product were used in the analysis (Landsat 7 Handbook,
2002). Geographic registration of each image was within 0.5 root mean squared error.
GIS themes of ranch boundaries were used as a general perimeter for sub-setting the
scenes. ESDs for the area within each ranch were generated from published digital
data of landscape level section and subsection ecological sites and the Soil Survey
Geographic Database (SSURGO) (ECOMAP, 1993; Nesser et al., 1996; NRCS,
2000). The National Soil Information System (NASIS) database for each survey area
was used as the reference source for mapped site characteristics. For the five ranches,
82 individual soil map units within five unique subsections were aggregated to the 24
ESDs sampled.

Pixel values for bands 1-5 and 7 were extracted for each plot corresponding to
the closest pixel center coordinate to the plot GPS location and used to calculate
predictor variables used in the regression equations. One-meter resolution digital
orthophotography (DOQQs) and 1:24,000-scale SSURGO soils themes were used
as a cross-reference to identify point locations falling on pixel margins or soil unit
boundaries that required adjustment to the appropriate pixel; this affected less than 10
data points.

Digital numbers were converted to exoatmospheric reflectance (Landsat 7 Hand-
book, 2002) for calculating all spectral indices. The NDVI was calculated from the
red and NIR band values using the standard formula of:
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NDVI = (Band 4 — Band 3)/(Band 4 + Band 3). 3)
The following formula was used to calculate the SAVI:
SAVI = 1.5 ((Band 4 — Band 3)/(Band 4 + Band 3 + 0.5)) 4)

Transformation coefficients developed for the Landsat 7 ETM+ sensor (Huang et
al., 2002) were applied to calculate the tasseled cap BI, GVI, and WI values.

Measured total dry biomass was transformed to the fourth root of field values to
meet the linear regression assumptions of homogeneity of variance and normality of
residual distribution. This variable, the fourth root of total dry biomass (transformed
total biomass or TTB), was used as the response variable for a series of linear regres-
sion models.

Analysis

The first stage of the analysis compared four linear regression models for
estimating TTB, each using different predictor variables: (1) NDVI, (2) SAVI, (3)
tasseled cap components, and (4) non-transformed reflective bands. Variable selection
for the multiple regression models was accomplished using extra sums-of-squares
F-tests (Lawrence and Ripple, 1998), and coefficients of determination (Rz) were
used to evaluate the variability in biomass explained by the different models. Two
models, one using band 4 (0.75-0.90 pm) and band 7 (2.09-2.35 pm) and the second
using tasseled cap GVI and WI, were selected based on the regression results for
further testing in the second analysis involving the introduction of ESDs into the
regressions. ESDs were entered as a categorical variable, with each ESD assigned a
value of 1 if the observation was located in that ESD or 0 if it was located in a differ-
ent ESD (Ramsey and Shafer, 2002). The effect of this inclusion is to change the
regression intercept for each ESD and, if there is a significant interaction term
between a spectral band and the ESDs, to also change the slope of the regression line
for each ESD.

A simple atmospheric correction method was evaluated for controlling scene-to-
scene variability (Chavez, 1996) based on results from other studies of rangeland
biomass using ETM+ data (RangeView, 2003). Effectiveness was evaluated by
comparing regressions with and without the correction and by including a scene indi-
cator variable in the regressions. Improvement in regression results or decreases in
the significance of the indicator variable would indicate that the correction reduced
scene-to-scene variability. The corrected data was not used in the analysis because
neither test yielded improved results.

RESULTS

Final regression models excluding ESDs were all statistically significant (p-values
all <0.001; Table 2, Fig. 2). The model using NDVI alone explained less than half of
the variability in TTB (41%). Adjusting for soil variability using SAVI did improve
regression results, increasing variability explained by 3 percentage points. The use of
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Table 2. Linear Regression Model Explanatory Variables

Model R?

NDVI 0.41
SAVI 0.44
GVI+WI 0.51
Band 4+Band 7 0.53

n each case, TTB was the response variable. Coefficients
of determination are presented for regressions not includ-
ing ESDs. All variables and models were significant at
the p = 0.001 level.

non-transformed bands in a bandwise regression, which resulted in using bands 4 and
7, substantially improved results, increasing variability explained by 12 percentage
points over NDVI and 9 over SAVI, directly addressing our first objective in demon-
strating superior results with bandwise regression. Tasseled cap components,
however, performed almost as well as non-transformed bands, explaining only 2%
less variability. GVI and WI were included in the final regression using tasseled cap
components.

Adding a variable representing ESDs to the regression using bands 4 and 7 and
the regression using GVI and WI in each case found the categories of ESDs to be
significant (p-values < 0.001) and to result in better predictive models than those not
using ESDs (Table 3, Fig. 3). Interaction terms between ESDs and band 7 in the first
case and between ESDs and GVI in the second case were significant (p-values <
0.05), and were included in the final models. Inclusion of ESDs in the regressions
improved variability explained in the tasseled cap-based regression by 14 percentage
points and improved variability explained in the bandwise regression by 13 points.

DISCUSSION

The superior performance of the bandwise model over the ratio-based indices
(NDVI and SAVI) in estimating biomass confirmed previous analyses regarding the
limitations of indices (Lawrence and Ripple, 1998), although in the previous study the
bandwise model included the same bands as the ratio-based indices, while here differ-
ent bands were selected. The result indicating the GVI and WI to be almost as effec-
tive as the non-transformed bands is understood by examining the nature of the
tasseled cap transformation. The tasseled cap components contain nearly the entire
information content of the original bands, but projected onto different axes, which
enables similar modeling flexibility to bandwise regression. The regressions were
able to model the various spectral responses separately almost as effectively as they
were with the non-transformed bands as a result. These results also add support to
questioning the reliance on traditional red and near infrared ratio-based indices for
estimating biomass under the conditions common to most rangelands and are
supported by other observations of semi-arid rangelands (Graetz and Gentle, 1982).
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Table 3. Linear Regression Models for Bandwise Regression
and Tasseled Cap Components Incorporating ESDs?

Model Adjusted R? p-values > 0.001
Band 4 + Band 7 + ESD + (Band 7 * ESD) 0.66 B7 * ESD =0.03
WI+ GVI+ESD + (GVI * ESD) 0.65 GVI * ESD =0.05

®TTB was the response variable in each case. All variables and models were significant at
the p < 0.001 level unless otherwise specified.

SAVI, further, did not show substantial improvement over the NDVI, which might
suggest the standard adjustment factor used (0.5) was not appropriate for the diverse
cover conditions of the sampled sites and that modifying the adjustment factor for
different soils might have different results (Lawrence and Ripple, 1998).

The significance of near infrared and middle infrared as compared with the more
common combination of red and near infrared for biomass estimation might have
been due to the influence of one or more of: (1) late season images and the predomi-
nance of field biomass measurements collected at times past the period of peak
growth and photosynthetic activity; and (2) the low moisture content in the vegetation
and below average productivity in all three of the field data collection periods due to
the extreme drought conditions during the study time frame. Any of these factors
might have contributed to the failure of the red band to take on the predictive signifi-
cance it commonly exhibits in vegetation studies. Conversely, the sensitivity of the
middle infrared (2.08-2.35 pm) wavelength to soil mineral content and to increasing
amounts of senescent vegetation, coupled with the unusually low soil moisture during
the field-sampling period and high percentages of exposed soil or senescent vegeta-
tion on some sites, might have added to the enhanced influence of this spectral region
(Asrar et al., 1986; Jensen, 1996).

Our results support stratification of spectral data by ESDs or other soils data to
improve linear regression predictions of relative rangeland productivity across hetero-
geneous sites. It is reasonable to assume that a portion of the additional variability in
biomass explained by incorporating ESDs was due to soil background reflectance,
because ESD categories are distinguished in part by soil differences, and such differ-
ences have been shown to influence biomass estimates from spectral data (Huete,
1988). Inclusion of ESDs, individually and as part of interaction terms, apparently
allowed the implicit “soil line” underlying each regression to vary depending on the
characteristics of sites within each ESD. Statistically, including a categorical variable
such as ESDs in a regression model changes the intercept and, as an interaction term,
the slope of the regression line for each ESD (Ramsey and Shafer, 2002). The
improved multi-spectral biomass estimates achieved by accounting for site and soil
variability in this manner suggests the need to treat the spectral data within these
delineations as distinct expressions of the vegetation/soil composition, particularly in
studies where an ecological framework for both image analysis and the application of
interpretations is desired. Further study would be required to distinguish the spectral
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Fig. 3. Scatter plots of transformed total biomass on (A) band 4 (near infrared), band 7
(middle infrared), and ESD with regression line and (B) tasseled cap wetness (WI), greenness
(GVI), and ESD with regression line. Regression equations are provided in Table 3.

response differences due solely to the soil background reflectance differences among
ESDs.

Significant differences among ESDs existed within individual ETM+ scenes, as
the regression results had significant p-values for each ESD. This finding demon-
strated that the variability explained by ESDs extended beyond the possible scene-to-
scene variability associated with radiometric and atmospheric differences among the
scenes, because ESDs within the same scene were significantly different from each
other (p-values < 0.05). Studies of more limited geographic scope or using higher
resolution imagery might use individual soil map units that make up ESDs to address
additional variability in soil background influences on spectral responses.

The analysis methods and variables used in this study were able to account for up
to two-thirds of the variability in green and senescent rangeland biomass across
a wide variety of sites. We expected that there might be substantial unexplained
variability as a result of our sampling method that used a random 0.75 m? plot to
represent each 900 m? covered by Landsat pixels. Additional sources of variability
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might be attributed to radiometric, atmospheric, geo-referencing, or environmental
influences.

A concerted effort was made to minimize geo-referencing error through close
examination of data points following each image-processing step. Residual error
might have persisted, however, because of image rectification error, the lack of image
correction for terrain differences, or the locational and informational quality of the
SSURGO soils data. Environmental factors such as precipitation events occurring in
the time period between the image and field collection dates, although few were
recorded, could have increased vegetation greenness or growth and reduced correla-
tion with spectral response; however, our statistical test for this effect demonstrated it
to be not significant. Unreported grazing use, reducing field biomass, might have
affected some data points, resulting in spectral values not fully corresponding with
field conditions at the time of data collection. Accounting for these potential sources
of variability in future studies would likely improve predictions of relative biomass
productivity.

Based on our research and findings, we make the following recommendations.

1. Vegetation indices should be used for their presumed original purpose—that is,
as comparative indices of relative vegetation amounts. Indices remain particularly
valuable where reference data is not available to model vegetation amount. The prac-
tice of developing regression models (and possibly other models) of vegetation
amount using solely vegetation indices as explanatory variables, however, should be
limited to instances where the regression is being used to demonstrate the strength of
the vegetation index. Otherwise, individual spectral bands should be used.

2. In cases of heterogeneous soils, consideration should be given to including
appropriately scaled landscape-level ecological sites combined with soil maps as an
additional explanatory variable to account for differences in soil lines.

3. Vegetation indices might be useful as interaction terms used in conjunction
with individual spectral bands for regression analyses. Adherence to these recommen-
dations will result in superior regression modeling of vegetation biomass using
remotely sensed imagery.
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