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Abstract

Incorporating ecological information into image-based vegetation mapping remains a challenge. Much attention has been
placed on the use of ancillary information layers in image classification (e.g. slope, aspect, elevation) in that they provide
indirect links to information that is ecologically relevant to species distributions. The objective of this study was to assess the
utility of incorporating regression-based distribution model surfaces with image classification results using a consensus theoretic
approach. We used spatially explicit non-parametric regression modeling in order to incorporate ancillary information in the
production of an existing vegetation map for the Lake Tahoe basin. Probability surfaces for 19 prevalent species or genera were
produced using generalized additive modeling (GAM). Models were fit to plot data obtained from multiple resource agencies
using land-form based explanatory variables derived from a digital elevation model. Model evaluation was assessed by examining
species response curves and through cross-validation, resulting in a range of accuracies for individual species (ROC values from

re spatially
ombined
e. Results
ggests the

sensus

ave
-
n

rent
sad
en
0.58 to 0.85). Probability surfaces for the study area were subsequently generated within a GIS. These surfaces we
re-sampled and used in conjunction with IKONOS imagery for use in vegetation mapping. The GAM surfaces were c
with maximum likelihood image classification results using consensus theory and a simple iterative weighting schem
from the analysis demonstrate that the inclusion of the GAM surfaces improved individual class accuracies and su
need for implementing standardized and objective species modeling techniques for improving vegetation maps.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Mapping vegetation at high thematic resolutions
remains a significant challenge for the remote sensing
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community. Advances in the area of data-fusion h
improved image classification results (Le Hegarat
Mascle et al., 2000; Solberg, 1999) and has focused o
fusing image data from different sensors or diffe
spatial scales (Pohl and Van Genderen, 1998; Pra
et al., 2001; Wald, 1999) while less attention has be
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paid to optimal methods for incorporating ecological
data into remote sensing analysis. We begin this intro-
duction by asking: How can ecological data best be
used to improve remote sensing classification? A com-
plementary and relevant problem to this is how to best
incorporate image variables in gradient modeling, a
common technique for predictive vegetation mapping.

The practice of including ecologically relevant ter-
rain variables in image analysis has been with us for
some time (Hutchinson, 1982). Similarly, image data
has long been used in gradient modeling as predic-
tor variables (Lees and Ritman, 1991) and is more
recently referred to as a functional gradient given that
it describes the response of the biota to direct, indi-
rect, and resource gradients (Muller, 1998). Franklin
(1995)reviews the applications, theory, data sources,
and methodologies of predictive vegetation mapping
highlighting the complementary nature of remotely
sensed data and gradient analysis.

Advances in computing power, in conjunction with
the availability of suitable statistical and GIS software,
has led to a proliferation in analytical tools for exam-
ining and predicting species distributions.Franklin
(1995) and Guisan and Zimmerman (2000)provide
excellent reviews of the evolution of these tools, high-
lighting many of the prevalent statistical approaches
that are available. Additionally, greater attention has
been paid to ecological theory as it relates to distribu-
tion modeling.Austin (2002)provides an invaluable
review of existing ecological theory as it relates to the
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of the response is data-defined and can be complex.
Interpreting the shape of these responses provides a
visual qualitative assessment of model suitability when
compared with expert knowledge or known species
autecology. This form of model assessment is not pos-
sible using other non-parametric modeling approaches
such as classification and regression tree techniques
(CART, Breiman et al., 1984) which use binary splits
in explanatory variables and consequently do not pro-
vide response curves. Studies comparing CCA, GLM,
GAM, and CART have demonstrated the rigor and
flexibility of both GLM and GAM models using a
wide array of response variables and across multiple
scales (Franklin, 1998; Guisan et al., 1999; Moisen and
Frescino, 2002; Wilfried et al., 2003).

Incorporating the results of regression based distri-
bution models into image classification needs further
exploration. Logistic forms of GLM and GAM mod-
els produce spatially explicit probability surfaces of
species presence that are highly compatible with image
classification techniques. These probability surfaces
can be incorporated into parametric classifiers such as
the maximum likelihood classifier as prior probabilities
(Pedroni, 2003; Strahler, 1980) or into non-parametric
classifiers such as CART (McIver and Friedl, 2002) in
order to improve classification results. However, a com-
mon dilemma with using prior probabilities in super-
vised classification algorithms is that priors can incor-
rectly bias the posterior probability towards classes pre-
dicted using the ancillary information (Strahler, 1980).
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xpected shape of species response curves to en
ental gradients.
Regression analysis, in its various forms,

ecome particularly prevalent in the literature s
lanting more traditional ordination techniques. G
ralized linear models (GLM,McCullagh and Nelde
989) and generalized additive models (GAM,Hastie
nd Tibshirani, 1990) using presence–absence sur
ata have garnered much attention. One of the
ary strengths of these regression techniques is

hey readily allow assessment of non-linear relat
hips between response and predictor variables.
arametric GAM models are particularly well sui

o fitting complex non-linear response curves to e
onmental gradients. The GAM implementation
izes a user defined smoothing function such as l
r spline smoothers to relate response to predi
Chambers and Hastie, 1992). Consequently, the natu
his is most problematic when there are large un
ainties associated with the estimate of the priors.
xample, low prior probabilities can preclude the se
ion of a class even if it is spectrally unique from ot
lasses (Strahler, 1980). Consequently, more flexible
nd exploitable techniques are needed for incorp

ng modeled ecological data into image classificat
A technique for combining multiple independ

nformation sources that has received little attentio
he ecological and remote sensing literature is con
us theory (Benediktsson and Swain, 1992). Consensu
heory attempts to combine single probability dis
utions to summarize estimates from multiple exp
information sources) with the assumption that e
xpert makes decisions based on Bayesian decisio
ry. It posits that a group decision is better in term
ean squared error, then a decision based on a s

xpert (information source) (Benediktsson et al., 1997).
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Consensus theory can flexibly accommodate a wide
array of information sources. Ancillary data is incorpo-
rated directly using source-specific density estimation
that characterizes that source (Benediktsson and Swain,
1992). Additionally, information from independent
classifiers or other modeling approaches can be com-
bined to improve the final results (Briem et al., 2002).

In consensus theory, each information source is con-
sidered separately and then subsequently combined
using a global membership function. The global mem-
bership function is used in classification by applying
the maximum a posteriori solution (MAP) in which
the combined estimate is calculated for all classes and
a pattern vector is assigned the class with the high-
est posterior probability. The combination formula,
known as a consensus rule, incorporates a source-
specific weighting scheme for which the weights can
be arbitrarily derived, heuristically based on the quality
of the individual information sources, or optimized for
the particular classification problem. Moreover, more
sophisticated weighting schemes can be incorporated
that not only weight the individual information sources,
but can also weight the individual classes within an
information source using linear and non-linear opti-
mization routines (Benediktsson and Sveinsson, 2003;
Benediktsson et al., 1997; Briem et al., 2002). The most
commonly used consensus rule is the linear opinion
pool (LOP), which is a weighted sum of the posterior
probabilities from each data source. Another consen-
sus rule, the logarithmic opinion pool (LOGP) is based
o ies
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manner. More explicitly, we intend to integrate GAM
species distribution surfaces with IKONOS image clas-
sification results and characterize the improvements, if
any, of utilizing a consensus theoretic approach.

2. Methods

2.1. Study area

The Lake Tahoe Basin spans California and Nevada
between the Carson and Sierra Nevada mountain
ranges. The total land area in the basin is approximately
82,000 hectares, roughly half of which is public lands
including the Tahoe, Toiyabe, and Eldorado National
Forests. The elevation of the basin ranges between
1900 m (a.s.l.) at lake level and 3400 m (a.s.l.) at the
highest peaks. Annual precipitation is 500–1500 mm
depending on elevation and location, two-thirds of
which falls between December and March as snow
(Rogers, 1974). The geology of the basin is primar-
ily granitic along the eastern, southern, and western
shores. The north shore of the basin has volcanic sub-
strates. These bedrocks have produced primarily shal-
low Entisols, Inceptisols, and more developed Alfisols
(Rogers, 1974).

The majority of the basin spans the montane
(2187–2656 m) and sub-alpine (>2656 m) elevation
ranges. Vegetation types are diverse and include
conifer dominated forests, both evergreen and decid-
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OP Cj(Z) =
n∑

i=1

λip(wj|zi) (1)

OGP Lj(Z) =
n∏

i=1

p(wj|zi)
λi (2)

herep(wj|zi) is a source specific posterior proba
ty, λi’s (i = 1,. . ., n) are source specific weights whi
ontrol the relative influence of that data source,
j(Z) andLj(Z) are global membership functions. Co
ensus theoretic classifiers have the potential of
iding more accurate classification results comp
o traditional multivariate methodologies.

Given this, the objective of this study is to utili
egression based distribution models to inform ima
ased species mapping in a transparent syste
ous shrublands, as well as diverse meadow an
abitats. The vegetation communities have had si

cant anthropogenic disturbances. Roughly two-th
f the basin forests were clear-cut during the latter t
f the 19th century (Elliot-Fisk et al., 1997). More
ecently, there has been significant development
rbanization within the basin.

.2. GAM analysis

.2.1. Vegetation modeling data
Plot data for species prediction modeling was

arily acquired from resource agencies including
atural Resource Conservation Service and the U
orest Service. This plot data was acquired foll

ng standards put forth by the Terrestrial Ecolog
nit Inventory Technical Guide (Winthers et al., 2003).
xisting data was augmented by a proportional st
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Table 1
Summary of environmental stratification (frequency in study area| frequency in field sample) used for augmenting existing data sources

Aspect Slope (◦) Elevation East/west

Groups
Flat (0.04| 0.07) 0–10 (0.23| 0.32) Lower montane, <2187 m (0.22| 0.20) East (0.25| 0.20)
North (0.31| 0.26) 11–30 (0.36| 0.39) Upper montane, 2187–2656 m (0.69| 0.64) West (0.75| 0.80)
East (0.75| 0.80) 31–60 (0.34| 0.25) Sub-alpine, >2656 m (0.09| 0.16)
South (0.31| 0.35) >60 (0.7| 0.5)
West (0.18| 0.16)

Unique combinations of the stratification variables were identified and the frequency of cells within these eco-regions for the entire study area
as well as for the vegetation plots were calculated in order to facilitate locating vegetation plots. Given the large number of unique eco-regions,
we present the frequencies for the original stratified variables.

fied sampling campaign that focused on missing vege-
tation classes and coverage of previously non-sampled
geographic regions. In order to facilitate sampling
efforts, the basin was split into east and west regions
and then stratified by elevation, slope, and aspect. One
hundred and twenty unique combinations of group-
ings were identified and are referred to as eco-regions.
We calculated the frequency of cells within these eco-
regions for the entire Tahoe basin as well as for the
vegetation plots. Given the large number of potential
eco-regions, we provide frequencies for both the study
area and the plot sample for the four original stratified
variables as opposed to all 120 eco-regions (Table 1).
This form of stratification indicates that our plot sam-
ples were roughly representative of the study area with
discrepancies arising in three principle areas: (1) we
under-sampled steep slopes and over sampled flat areas;
(2) we under sampled the eastern portion of the basin;
(3) and lastly, we over sampled sub-alpine areas.

The minimum consistent suite of measurements that
occurred across all the datasets from the various agen-
cies included GPS coordinates, basic site characteris-
tics (elevation, slope, aspect), ocular estimates of all
woody species cover, and cover estimates of prevalent
herbaceous species. This set of measurements repre-
sents the core suite of measures taken in 442 plots.

2.2.2. Explanatory variables
Five topographic and three climate variables were

a lysis.
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by McCune and Keon (2002)and uses a set of empir-
ical equations based on slope, aspect, and latitude
to estimate potential solar radiation. The TRMI was
calculated as described byParker (1982)and quan-
tifies available soil moisture as a function of aspect,
slope, topographic position, and slope configuration.
The TRMI provides a scalar value (scaled between 0
and 60) that helps identify potentially xeric and mesic
sites. Distance to water was based on Euclidean dis-
tance to existing stream courses.Fig. 1 shows the
topographically derived predictor surfaces used in the
study. The three climate variables included minimum
annual temperature, maximum annual temperature, and
average precipitation, and were acquired from PRISM
(www.ocs.orst.edu/prism/) at 4 km resolution.

2.2.3. Data screening
Prior to fitting the GAM model for each species,

the dataset was limited to plots that occurred along a
data-defined range of each of the environmental gra-
dients characterized by the explanatory variables. This
data screening was performed in order to reduce the
leverage of large numbers of species absence values
on a given GAM model. It also reduces the complex-
ity of the model and the likelihood of over predicting
species distributions (Austin and Meyers, 1996; Austin
et al., 1994). For example, Jeffrey Pine was identified
in the plot data between 1898 and 2174 m. A statis-
tical model was built on plot data within this range
o Jef-
f it of
t d for
a e in
e

e-
d . We
ssessed as explanatory variables in this ana
he topographic variables were produced usin
0 m USGS digital elevation model. These varia

ncluded both direct and indirect gradients incl
ng elevation, slope, potential annual direct radia
RAD), topographic relative moisture index (TRM
nd distance to water. RAD was calculated as desc
f elevations plus 10 observations that included
rey Pine absences beyond the upper and lower lim
his elevation range. This procedure was conducte
ll explanatory variables producing a hyper-volum
nvironmental space for each species.

Also prior to model fitting, the co-linearity of pr
ictor variables for each species was assessed

http://www.ocs.orst.edu/prism/
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Fig. 1. Explanatory variables used in GAM. From left to right: elevation, slope, potential annual direct radiation (RAD), distance to water,
topographic relative moisture index (TRMI).

calculated pair-wise correlation coefficients between
all predictor variables in order to quantify co-linearity.
We chose a threshold ofr = 0.70 as a cutoff for discard-
ing a given explanatory variable from the analysis.

2.2.4. Model fitting
GAM was implemented to predict the distribution

of 19 prevalent species and genera using a group of
S-plus (Insightful Inc.) tools called generalized regres-
sion analysis and spatial prediction (GRASP,Lehman
et al., 2002). The vegetation classes included nine tree
species, six shrub species one shrub genera, and three
herbaceous classes. A logit link function and a quasi-
binomial error term were used in the GAM modeling.
A cubic spline smoothing function was used to relate
response and predictor variables. Model selection was
based on a step-wise procedure using theχ2 change
in deviance at the 5% level. A starting model was fit-
ted with all predictor variables smoothed with four
degrees of freedom. The significance of dropping the
smoothed terms or converting them to linear terms was
then tested. The updated, more parsimonious, model
was kept and acted as the starting point for the next step-
wise test. The step-wise procedure was conducted until
no further significant reduction in deviance occurred
due to adding or dropping a given term.

2.2.5. Model assessment
Qualitative assessment of the modeling results was

c ts of

response versus predictors. This allows for assess-
ment of the model by comparing the results to known
autecological species characteristics. A quantitative
assessment of the modeling results was conducted
using a five-fold cross-validation procedure. The cross-
validation procedure partitions the plot data into five
groups, four for training and one for assessing model
quality, and then sequentially assigns each of the
remaining four groups to the test group, while record-
ing model quality at each iteration. The area under the
curve (AUC,Fieldings and Bell, 1997) statistic was
used to quantify model quality for the binomial model.
The AUC is a graphical method that does not require a
fixed threshold for converting probability estimates to
nominal classes, but instead assesses a range of thresh-
olds.

2.2.6. Spatial prediction
Regression models were used to produce a lookup

table for each of the 19 species and genera using the
GRASP tools in S-plus. These lookup tables were
implemented in a GIS the predictor surfaces for inputs.
The output was a spatially explicit probability surface
of species presence for each of 19 vegetation classes.
Elevation thresholds derived from both the plot data and
published sources were then used to mask the proba-
bility surfaces to zero values outside of known species
elevation ranges.

We assumed that all pixels belonged to one of the
d rmal-
onducted using partial response curves and plo
 escribed vegetation classes. Consequently we no
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ized the probability values of all 19 vegetation classes
to sum to one using:

πi,x,y = pi,x,y∑m
i=1pi,x,y

(3)

wherepi,x,y is the GAM probability value,i the class
ID, m the maximum number of classes,x the x coor-
dinate of the cell, andy the y coordinate of the cell.
We then re-sampled this 10 m spatial resolution image
to a 1 m cell size and spatially co-registered it to the
output of the IKONOS image classification (described
below).

2.3. IKONOS image classification

The following section provides a general overview
of the methods used in the image-based classification.
We employed an H-resolution discrete scene model
(Strahler et al., 1986) in which the scene elements
are tree crowns and vegetation patches. For further
detail seeDobrowski (2005)and Greenberg et al.
(2005).

2.3.1. Maximum likelihood classification
Data for image classification and map accuracy were

acquired for the 19 vegetation classes described above,
and three non-vegetated classes including water, dark
impermeable surfaces (volcanic substrates, asphalt),
and bright impermeable surfaces (granite, concrete).
About 1700 polygon features were delineated repre-
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with a Mahalanobis distance statistic. Observations
falling outside of the 99% quantile were dropped from
the analysis. This dataset was then split into a training
data set and a validation data set by stratifying the poly-
gons by map class and then randomly assigning 60%
of the polygon features (and their respective pixels) to
a training set and the remaining 40% to a test set.

After applying the MLC classification to the entire
image, we spectrally subset the 22 band likelihood
image by the 19 bands representing vegetation classes.
For this image we assumed that all pixels belonged to
one of the described vegetation classes, and as such,
normalized the likelihood values to sum to 1 using Eq.
(3). In a subsequent classification step, pixels were
identified as non-vegetated classes and were given
precedence over vegetated labels.

2.4. Multi-source analysis

GAM estimates of species probability distributions
and IKONOS maximum likelihood estimates were
combined using consensus theory. We tested both
the LOP and LOGP consensus rules described in
Eqs.(1) and (2). Two data sources were used in this
analysis: the normalized MLC likelihood image, and
the normalized GAM probability image. We combined
them using a simple iterative weighting scheme in
which we variedλi’s in 0.01 increments between 0
and 1 for each information source. At each weighting
combination we recorded the accuracy of the resultant
c ized
t ship
f

2
LC,

a t, we
u to
c tion
c el to
t . As
s side
f alcu-
l s the
o rce.
W tive
p due
t

enting individual tree crowns, patches of homogen
egetation, and non-vegetated regions. Polygons
aken across a wide range of elevations and geogr
egions within the basin to capture intra-class varia
ty. Field data were collected using in-field digitiz
ion techniques (differential GPS linked in real-ti
o geo-referenced color-infrared IKONOS image
aximum likelihood classification (MLC) was co
ucted using pattern vectors of 12 principal com
ent transforms (PCA) developed from four IKON
an-sharpened spectral bands and eight grey lev
ccurrence matrix (GLCM) texture variables. For e
ixel located within one of the 1700 features, the

owing data was recorded in a database: (1) the fe
D of the polygon that the pixel intersected; (2) the m
lass associated with the polygon; (3) and all 12 P
mage band values. A multivariate outlier analysis
erformed on the dataset using a jackknife techn
lassification. Weights were chosen that maxim
he overall kappa coefficient of the global member
unction.

.4.1. Accuracy assessment
In order to assess the accuracy of the image M

nd the consensus theoretic (multi-source) outpu
sed the maximum a posteriori (MAP) solution
onvert probability estimates to nominal vegeta
lasses. In other words, we allocated a given pix
he class that had the largest posterior probability
tated earlier, 40% of the ground data was set a
or assessing accuracy. This data was used to c
ate class producers and users accuracy as well a
verall kappa coefficient for each information sou
e also provide overall accuracy (%) for compara

urposes but do not endorse the use of this metric
o its known bias (Congalton, 1991, 2001).
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3. Results

3.1. GAM model assessment

When constructing the species models, we found
that in all instances, the three climatic variables (max
temperature, min temperature, and precipitation) were

highly correlated with elevation (r > 0.70). Conse-
quently, we dropped these predictor variables from the
analysis due to their coarse resolution and to avoid
model instability due to co-linearity.

We used predictor versus response curves and par-
tial response curves to assess the suitability of the
GAM models.Figs. 2 and 3provide an example of

F
r

ig. 2. Predictors vs. response curves for select species in the stu
epresents individual environmental predictor variables.
dy. They-axis represents the probability of species presence. Thex-axis
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Fig. 3. Example of partial response curves for select species. The variables shown were found to be significant predictors in the relevant GAM
model. The smoothed or linear functions represent the contribution of the individual explanatory variable to the fitted additive predictor in the
GAM model. The dashed lines represent 2× standard error bands. The rug plots show the density of samples across the range of the predictors.

the response and partial response curves for two conifer
species (Pinus jeffreyi andTsuga mertensiana) and two
shrub types (Salix sp. andArctostaphylos patula). The
model results show thatT. mertensiana is found on
steep slopes at higher elevations in more mesic sites
associated with north facing slopes whereasP. jeffreyi
is found at lower elevations in more xeric sites. These

results are consistent with the known autecology of
bothT. mertensiana, andP. jeffreyi. Results from both
A. patula andSalix sp. show consistency with known
species characteristics as well.A. patula is found pref-
erentially on steeper slopes at xeric sites across a wide
range of lower elevations in the basin. These results
are consistent with the natural history of this chaparral
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species. In contrast, the strong response ofSalix sp.
to distance from water, slope, and TRMI is consistent
with the requirements of riparian genera. In addition to
the response patterns shown,Fig. 3also includes both
rug plots and standard error bands. This data provides
an assessment of error at different regions of the predic-
tor variables. For example, standard error estimates are
large at high slope values due to insufficient sampling
density in these regions of the predictor.

A more quantitative assessment of model quality
was provided through cross-validation (Table 2).
The AUC statistic is scaled between 0.5 (random
relationship between predicted and observed classes)
and 1.0 (perfect association). The AUC values for
the species modeled in this study range between 0.58
and 0.84. A rough guide to interpreting these values
is to follow the traditional academic grading system:
1.0–0.9 = excellent; 0.9–0.8 = good; 0.8–0.7 = fair;
0.7–0.6 = poor; 0.6–0.5 = fail. As expected, species
modeled with smaller number of observations tended
to have poorer cross-validation results (e.g.J. occi-
dentallis, Populus tremuloides) suggesting that some
classes were insufficiently sampled. We also noted
that species with narrow environmental ranges (e.g.
Pinus albicaulis) were better modeled than species

Table 2
Summary of cross-validation results

Class Sample size (n) AUC

Trees
Juniperus occidentalis 332 0.58
Abies concolor 334 0.79
Abies magnifica 379 0.72
P. albicaulis 169 0.83
P. contorta 419 0.67
P. jeffreyi 334 0.82
Pinus monticola 322 0.74
P. tremuloides 236 0.63
T. mertensiana 295 0.78

Shrubs
Alnus incana 202 0.63
Arctostaphylos patula 247 0.84
Artemesia tridentata 373 0.77
Ceanothus cordulatus 242 0.75
Ceanothus velutinus 140 0.66
Quercus vaccinifolia 343 0.84
Salix sp. 433 0.74

Herbs
Carex sp. 438 0.73
Juncus sp. 417 0.71
Graminoids 442 0.74

The AUC statistic is the average of five “leave one out” iterations.
The sample size represents the number of species presences within
our dataset.

produced in the analysis forP. albicaulis (left) andSalix sp. (right).
Fig. 4. An example of two GAM probability surfaces
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showing broad environmental and geographic ranges
(e.g.Pinus contorta).

We provide an example of the predicted model sur-
faces forSalix sp. andP. albicaulis (Fig. 4). These sur-
faces were also examined for consistency with known
species distributions within the study area.

3.2. Multi-source classification and accuracy
assessment

Without the inclusion of the GAM information
(MLC� = 1, GAM� = 0) the overall kappa coefficient
was 0.44 for the LOGP and LOP consensus rules. After
performing the optimization, the maximum kappa
coefficient was found to be 0.53 for LOGP and 0.48 for
the LOP consensus rule. Consequently, inclusion of the
GAM information resulted in a 0.09 and 0.04 improve-
ments in the kappa coefficients for the LOGP and

LOP consensus rule respectively. The optimal weights
(λi’s) for the consensus rules used in the analysis
were 0.2 and 1.0 for the MLC and GAM information
sources respectively. Without any form of optimization
(MLC� = 1, GAM� = 1), the overall kappa coefficients
were found to be 0.50 and 0.45 for the LOGP and LOP
consensus rules respectively. The LOGP consensus
rule appears to be a superior consensus rule under these
circumstances and showed a higher overall kappa coef-
ficient across all weights that included both information
sources.

The inclusion of the GAM probabilities in the
multi-source classification resulted in a significant
improvement in a number of class level accuracies.
Tables 3 and 4summarize the image based and multi-
source producer and user accuracies for both the LOP
and LOGP consensus rules. The difference between the
image based class accuracies and the multi-source class

Table 3
Comparison of accuracies (LOGP; MLC� = 0.2, GAM� = 1.0)

Image based accuracy (%) Multi-source accuracy (%) Difference (%)

Producer User Producer User Producer User

Trees
A. concolor 51.6 47.3 73.3 63.9 21.7 16.6
A. magnifica 36.3 28.8 52.6 25.4 16.3 −3.4
J. occidentalis 40.3 33.3 29.8 54.9 −10.5 21.6
P. albicaulis 16.0 11.5 39.6 62.7 23.6 51.2

32 .4
50
20
52
22 .4
4 .4

S
54
71 .4
58
48 .1
47
67
6
5 .8

H
6 .1

N/A
8
7

O

P. contorta 10.6 21.2
P. jeffreyi 34.4 31.4
P. monticola 21.4 16.5
P. tremuloides 73.9 57.4
T. mertensiana 19.5 12.9
Mean 33.8 28.9

hrubs
A. incana 59.7 88.2
A. patula 60.3 22.5
A. tridentata 59.1 24.6
C. cordulatus 42.8 10.1
C. velutinus 47.9 46.8
Q. vaccinifolia 42.2 4.2
Salix sp. 44.3 38.1
Mean 50.9 33.5

erbs
Carex sp. 53.0 99.8
Juncus sp. N/A N/A
Graminoids 78.0 60.0
Mean 65.5 79.9
verall kappa coefficient = 0.53, overall accuracy = 60.2%.
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.3 10.2 5.5 0
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.2 23.2 25 19
3.1 36.6 18.8 −1.5
8.6 51.3 7.7 17

2.2 99.9 9.2 0
N/A N/A N/A

3.4 47.2 5.4 −12.8
2.8 73.5 7.3 −6.3
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Table 4
Comparison of accuracies (LOP; MLC� = 0.20, GAM� = 1.0)

Image based accuracy (%) Multi-source accuracy (%) Difference (%)

Producer User Producer User Producer User

Trees
A. concolor 51.6 47.3 65.3 58.1 13.7 10.72
A. magnifica 36.3 28.8 42.0 29.8 5.7 1.0
J. occidentalis 40.3 33.3 36.4 40.7 −3.9 7.38
P. albicaulis 16.0 11.5 36.0 27.8 20 16.35
P. contorta 10.6 21.2 20.4 27.8 9.8 6.58
P. jeffreyi 34.4 31.4 41.7 33.6 7.3 2.19
P. monticola 21.4 16.5 16.1 18.1 −5.3 1.62
P. tremuloides 73.9 57.4 70.3 65.3 −3.6 7.91
T. mertensiana 19.5 12.9 18.8 20.0 −0.7 7.07
Mean 33.8 28.9 38.6 35.7 4.8 6.8

Shrubs
A. incana 59.7 88.2 59.6 89.4 −0.1 1.2
A. patula 60.3 22.5 63.3 28.4 3 5.89
A. tridentata 59.1 24.6 56.3 25.2 −2.8 0.59
C. cordulatus 42.8 10.1 46.2 12.4 3.4 2.29
C. velutinus 48.0 46.8 45.4 59.7 −2.6 12.88
Q. vaccinifolia 42.2 4.2 47.3 6.0 5.1 1.71
Salix sp. 44.3 38.1 46.4 37.2 2.1 −0.87
Mean 50.9 33.5 52.1 36.9 1.2 3.4

Herbs
Carex sp. 53.0 99.8 56.9 99.9 3.9 0.1
Juncus sp. N/A N/A N/A N/A N/A N/A
Graminoids 78.0 60.0 79.1 50.9 1.1 −9.1
Mean 65.5 79.9 68 75.4 2.5 −4.5

Overall kappa coefficient = 0.48, overall accuracy = 55.7%.

accuracies are also shown in these tables and represent
the influence of incorporating the GAM information on
the final map accuracy.

Image based accuracies for tree and shrub species
were poor. Average user accuracies for tree and shrub
species were 28.9% and 33.5% respectively, with indi-
vidual class accuracies varying widely. Herbaceous
classes showed significantly higher image based accu-
racies. These herbaceous classes represent common
genera, or in the case of the graminoid class, a consis-
tent physiognomy. Consequently, the higher accuracies
are likely due to their thematic coarseness.

The inclusion of ecologically relevant ancillary data
encapsulated in the GAM surfaces resulted in a marked
improvement in class accuracies. For the LOGP con-
sensus rule, inclusion of the GAM information resulted
in an average improvement in producer accuracies of
roughly 7% for tree, shrub, and herbaceous class types.

User accuracies showed an even larger improvement
of 15% and 18% for the tree and shrub classes respec-
tively whereas herbaceous classes suffered a reduction
of 6%. The LOP consensus rule showed less marked
changes in class accuracies with the inclusion of the
GAM data. For the LOP consensus rule, changes in
producer and user accuracy varied between−4.5% and
6.8%.

Accurate GAM models resulted in larger improve-
ments in the multi-source class accuracies as compared
to poor GAM models.Fig. 5 shows a positive linear
relationship (r2 = 0.46) between the GAM AUC values
and change in producer accuracy due to inclusion of
the GAM surface in the consensus theoretic classifi-
cation. GAM models with low AUC values tended to
show marginal improvements in producer accuracy, or
in some cases, actually reduced the accuracy of the final
multi-source classification.
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Fig. 5. GAM model accuracy (as characterized by a cross-validated
ROC statistic) vs. change in the final classification accuracy by inclu-
sion of the GAM data in the consensus theoretic classifier for all 19
vegetation classes.

4. Discussion

4.1. Species mapping

This study is a component of a larger project, the
purpose of which was to produce a vector-based map
of vegetation communities and vegetation structure
for the Lake Tahoe basin using IKONOS imagery. We
identified an ecological model (sensuAustin, 2002)
that provided the starting point for the mapping project
and was based on one fundamental principle: vegeta-
tion communities are comprised ofspecies assembled
along physical gradients in the environment. This is the
familiar continuum concept of vegetation community
ecology described byWhittaker (1951)among others,
although we made no assumptions about the shape
of the species – environmental gradient response
curve.

By accepting this ecological model as themodus
operandi, there were a number of positive implications
for the development of the remote sensing methodolo-
gies subsequently employed: (1) the most important
of these is that we would map species as opposed to
communities, which would be subsequently identified

through data-mining and aggregation techniques
(Greenberg et al., 2005); (2) when conducting a field
campaign, sampling species was a more tractable
task than sampling “communities” which can be
difficult to define and have unclear boundaries; (3)
lastly, we recognize that the spectral signature of a
species has less variability than that of a vegetation
community which can have ill-defined boundaries,
can be comprised of a number of species with varying
proportions, and thus have a highly variable spectral
signature.

Despite these benefits, mapping species is chal-
lenging from a remote sensing perspective given that
it requires both high spectral and spatial resolution
to capture the target signal. Most satellite sensors
provide high spatial resolution data or high spectral
resolution data, not both. The IKONOS sensor, with
1 m panchromatic and 4 m multi-spectral data, has
ushered in a new era of H-resolution (Strahler et al.,
1986) remote sensing techniques that allow for the dis-
cernment of individual organisms within scenes. With
these capabilities, come unique challenges as well.

Spatial resolution and spectral resolution play crit-
ical roles in our ability to distinguish unique floristic
types. Our findings from the larger mapping project
suggest that IKONOS imagery allows for accurate clas-
sifications at the lifeform level, which has been sup-
ported by other studies (Clark et al., 2004; Sawaya et
al., 2003; Thenkabail et al., 2004). This is primarily
a consequence of the unique image textures associ-
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-resolution imagery (Franklin and Peddle, 1990). Its
bility to inform species level mapping is conting
pon those species forming stands of unique den
pacing, or structural characteristics. We found l
vidence of this for species within a given lifeform (e
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Despite this, there are examples in the litera
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is mostly accomplished through the use of sensors
that provide both high spectral and spatial resolution,
such as AVIRIS or CASI. These sensors provide the
foundation for most of the successful applications
of direct species mapping in forests (Franklin, 1994;
Leckie et al., 2005; Martin et al., 1998; Zarco-Tejada
and Miller, 1999) and for invasive species (Underwood
et al., 2003). Unfortunately, CASI and AVIRIS are
aerial sensors with limited spatial extents and their
widespread use is unlikely given the limited coverage
of these sensors, the costs of acquiring data over large
areas, and the challenge of analyzing it. Additionally,
there are currently no space-borne sensors that com-
bine both hyper-spatial and hyper-spectral resolution
characteristics. The Landsat sensors, the mainstay of
resource sciences over the past 30 years, do not have
finely resolved spatial or spectral characteristics by
today’s standards and the most recent of these sensors,
Landsat ETM+ has reduced operational capacity. Con-
sequently, the role of ancillary information sources in
vegetation mapping must be re-assessed as a means
to improve map accuracies. Our approach addresses
this explicitly and diverges from those hyper-spectral
studies described above by our reliance on species
distribution modeling to inform the species mapping
process in the absence of high spectral resolution
data.

4.2. Regression based distribution modeling
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ment. Those species that were poorly modeled shared
a primary characteristic: they had the weakest repre-
sentation in the plot sample with a number of these
classes also showing geographically localized samples.
Consequently, this suggests the need for improving the
design and efficiency of the sampling strategy, such as
utilizing an ‘equal stratified sampling regime’ (Hirzel
and Guisan, 2002).

Regression techniques such as GAM also have dis-
tinct limitations that are relevant to vegetation mapping.
GAM or GLM surfaces represent the realized niche of
a particular species (Guisan and Zimmerman, 2000).
The realized niche includes both abiotic and biotic
influences on species distributions. Consequently, the
relative role of biotic factors such as competition, as
compared to abiotic factors, is difficult to ascertain.
Examples of including biotic variables in GAM are
rare but have been conducted (Leathwick and Austin,
2001) and need further exploration. More importantly,
analysts must recognize that all of the empirical species
distribution models discussed in this study are static
and assume a pseudo-equilibrium in vegetation dynam-
ics. However, the evidence in support of whether pop-
ulations are near a stable equilibrium is sparse and dif-
ficult to obtain and this assumption may be unfounded
(Loreau et al., 2001; McCann, 2000). Moreover, much
of our public lands show evidence of anthropogenic and
natural disturbance (e.g. logging and fire) that strains
the equilibrium assumption. This limitation is partic-
ularly restrictive for species or communities that are
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.3. Effects of varying support sizes

Our approach comes with distinct challenges
imitations as well. There exists a mismatch in
ize of support (sensuDungan, 2001) between plo
ata collected to drive species distribution mode
100’s m2), ground data used to validate the map (in
idual tree crowns and vegetation patches at a few m2 to
00’s m2) and image data (1 m2). Support, a geostatis
al term, refers to the shape, size, and orientation
-dimensional volume over which measurements
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made. Our image derived data, and ground validation
data has a smaller support size than our modeled species
distribution data. We re-sampled the GAM probabil-
ity surfaces to the 1 m2 support size of the IKONOS
imagery recognizing that this is false precision. We
retained this resolution in order to maintain the physi-
cal detail of the map for subsequent data querying and
aggregation.

The effect of multiple support sizes is not entirely
clear. The “support effect” (Olea, 1990) states that, with
univariate distributions, the mean value of a region-
alized variable will stay the same, the variance will
decrease, and the distribution will become more sym-
metric with increasing support size. The effects of sup-
port size changes on bivariate or multivariate statistics
remains difficult to ascertain, and when assessed on
largely univariate problems, require the use of geosta-
tistical techniques (Dungan, 2001). Of course support
is not just represented by the area of the collected data,
but also is a function of the geometrical shape and ori-
entation of the data. In cases where irregularly shaped
vector data is acquired (such as this study), the support
problem is further confounded. Geostatistical models
rely on a consistent support for each regionalized vari-
able, and thus, are not amendable to variably shaped
vector portrayals of spatial data used in GISs (Dungan,
2001).

The support effect likely has subtle and not-so-
subtle consequences on the interpretation of the results
of this study. For example, the accuracy of the GAM
d )
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4.4. Combining multiple information sources

Despite these apparent complications, we found that
the GAM data acts in a complementary fashion to the
image data used in the analysis. We see from the class
level results, that the inclusion of the GAM data in
the consensus theoretic approach produced noteworthy
improvements in mean class accuracies with greater
than 50% improvements in user accuracies for spe-
cific classes. This was achieved using a simple iterative
weighting scheme with only two information sources.
These findings also demonstrate the importance of
accurate modeling results. Our findings suggest that
there is indeed a positive relationship between GAM
model accuracy, as assessed through the AUC statis-
tic, and an improvement in the final vegetation map
accuracies. Vegetation classes that were poorly mod-
eled resulted in a decrease in the final map accuracies.
Consequently, significant attention needs to be paid to
the efficacy of any species modeling approach.

The improvement in the mapping accuracy achieved
by incorporating GAM results arises from the fact that
the GAM distributions effectively limit the number of
classes that can be considered in the consensus theo-
retic classification on a cell-by-cell basis. By reducing
the number of classes that are addressed in the final
classification, the likelihood of choosing the correct
class increases, even if the choice is random. This is
most readily apparent in the LOGP consensus rule. In
the LOGP, zero probabilities act as vetoes, thus when
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al., 1997). Due to the large number of possible weight-
ing combinations, class-specific weighting requires lin-
ear or non-linear optimization routines such as neu-
ral networks or genetic algorithms (Benediktsson and
Sveinsson, 2003; Benediktsson et al., 1997; Briem et
al., 2002). These optimization techniques need further
consideration.

Consensus theory belongs to a larger group of statis-
tical techniques aimed at addressing the “multi-source”
classification problem; that of optimally combining
independent sources of information in a manner that
takes into account the reliability of each data source.
Similar areas of research have been explored through
the use of evidential reasoning and other applications
of Dempster–Shafer’s theory (Kim and Swain, 1995;
Peddle, 1995). Our intention here is not to compare
and contrast consensus theory to these approaches
but instead, to highlight the use of these techniques
for combining information sources in an opportunis-
tic manner. That said, we chose a consensus theoretic
approach because of its simplicity and ease of use as
compared to evidential reasoning approaches that uti-
lize interval-valued probabilities and require measures
of support, plausibility, and decision rules based on
these metrics (Peddle, 1995).

Consensus theory provides a general framework for
combining information sources using existing classi-
fiers and modeling approaches. There is no theoret-
ical upper limit in terms of the number of informa-
tion sources that can be incorporated. For example, by
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theory overcomes one of the primary limitations of tra-
ditional parametric classifiers such as maximum likeli-
hood classification by reducing the number of features
used in the classification and consequently reducing the
training set requirements needed for proper estimation.

Consensus theoretic approaches also allow users to
utilize statistical techniques that are better suited for
the individual information sources needed. We posit
that regression-based distribution modeling is a robust
and flexible statistical technique for screening and con-
solidating the multitude of topographic variables that
can be applied towards image-based vegetation map-
ping projects. Moreover, GLM and GAM techniques
are supported by a large body of research which out-
lines their strengths and weaknesses, describes optimal
sampling strategies, and most importantly addresses
their link to a foundation of existing vegetation eco-
logical theory. Our findings demonstrate the utility of
implementing these standardized and objective species
modeling techniques for improving image-derived veg-
etation maps.
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