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Abstract: In this study, we tested the Maximum Entropy model (Maxent) for its
application and performance in remotely sensing invasive Tamarix sp. Six Landsat 7
ETM+ satellite scenes and a suite of vegetation indices at different times of the growing
season were selected for our study area along the Arkansas River in Colorado. Satellite
scenes were selected for April, May, June, August, September, and October and tested in
single-scene and time-series analyses. The best model was a time-series analysis fit with all
spectral variables, which had an AUC = 0.96, overall accuracy = 0.90, and Kappa = 0.79.
The top predictor variables were June tasselled cap wetness, September tasselled cap
wetness, and October band 3. A second time-series analysis, where the variables that were
highly correlated and demonstrated low predictive strengths were removed, was the second
best model. The third best model was the October single-scene analysis. Our results may
prove to be an effective approach for mapping Tamarix sp., which has been a challenge for
resource managers. Of equal importance is the positive performance of the Maxent model
in handling remotely sensed datasets.
Keywords: Landsat 7 ETM+; Maxent; phenology; remote sensing; spatial modeling;
Tamarix; time-series
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1. Introduction
Mapping invasive plant species has become a high priority for resource managers and researchers
across the United States. Ground surveys are still commonly used for most mapping projects despite
intensive labor requirements, associated high economic costs, and incomplete coverage of the
landscape [1-2]. Improved methods to accurately determine the current distribution of invaders are
required to better assess their environmental impacts, formulate effective control strategies, and
forecast potential spread. Remote sensing has played an important, but limited, role in detecting and
mapping invasive plants [3-5]. It is more commonly applied to mapping weeds in agricultural
environments where species richness and diversity are minimal [6,7]. Detecting a specific plant species
in forests, rangelands, riparian areas and natural landscapes using remote sensing techniques has
proved to be a greater challenge. Large-scale infestations, where invaders are clearly the dominant
species and environmental heterogeneity is reduced, tend to be easier to detect remotely [3,8,9].
One invasive plant that is especially problematic in the western U.S. is tamarisk (Tamarix spp.).
Tamarisk is a small shrub-like tree that tends to grow in large monotypic stands along riparian
corridors. A native to Eurasia and North Africa, tamarisk was introduced to North America in the late
1800s [10,11]. There are eleven species of tamarisk and at least three hybrids that have since become
well established in the Americas, from Canada to Argentina [12]. Tamarisk’s impacts to native
ecosystems in the U.S. include the desiccation of water tables, displacement of native plant
communities, alteration of soil chemistry and ecosystem processes, and loss of critical wildlife
habitat [13-15]. Infestations often begin discretely among species-rich riparian ecosystems before
abruptly overwhelming and displacing competitor species. Once tamarisk establishes dominance,
control and restoration efforts can be extremely labor intensive and costly. Detecting tamarisk in the
early stages of infestation and mapping its distribution are essential to resource management and
stewardship. Remote sensing of tamarisk distributions has been only marginally effective [16-19].
New airborne and satellite sensors promise to improve our ability to spectrally distinguish tamarisk
from other species, but the techniques remain inadequate and are not yet economically practical.
The detection of invasive plants using remote sensing may be improved if the target species has
phenological attributes that are distinctive from native vegetation. For example, leafy spurge
(Euphorbia esula L.) has yellow-green inflorescences that are spectrally unique when compared to
associated flora [4,20,21]. Similarly, yellow starthistle (Centaurea solstitialis), tamarisk (Tamarix
spp.), yellow hawkweed (Hieracium pratense), oxeye daisy (Chrysanthemum leucanthemum), and
Chinese tallow (Sapium sebiferum) also have distinctive colorations that can facilitate remote
sensing [22-24]. Other species have been detected by their extended growing periods. Broom
snakeweed (Gutierrezia sarothrae), a perennial sub-shrub, has been remotely sensed during its earlyseason greening [25]. Cheatgrass (Bromus tectorum), an invasive annual grass, has also been
successfully detected because it germinates in winter months prior to most native grasses [26]. The
distinctiveness of any phenological attribute can vary widely with regional climate, latitudinal
gradients, and species richness within an ecosystem. As a result, the timing of acquiring remotely
sensed data is critical and can be difficult to predict.
Time-series analyses of remotely sensed data have been widely used for mapping land cover and
ecosystem types and are increasingly being used for detecting broad-scale invasions [27,28] and
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monitoring the impacts of mitigation treatments [29,30]. A few studies using time-series analyses have
reported success in identifying cheatgrass. Bradley and Mustard [26] demonstrated how inter-annual
data collected from Landsat and Advanced Very High Resolution Radiometer (AVHRR) can detect
cheatgrass responses to precipitation. Peterson [31] was able to distinguish cheatgrass from other
vegetation by using scenes from Landsat 7 ETM+ on two different dates within a single year. In both
cases, the researchers were able to exploit subtle phenological differences (i.e., extended growing
season, rapid response) between the invaders and associated native flora within a growing season. To
determine the optimal time of the year to conduct remote sensing surveys, Everitt and Deloach [22]
used a time-series of conventional color and color infrared aerial photographs for tamarisk and native
riparian vegetation. From their study sites in Texas and Arizona, they found that tamarisk could best be
identified in late fall and early winter months when foliage turned a yellow-orange color
before dropping.
Remote sensing of tamarisk has had limited success, and conventional methods (e.g., supervised and
unsupervised classification) have not proved to be reliable. Ge et al. [32] analyzed color aerial
photographs at 1-m2 resolution using a texture analysis for tamarisk in northern California. The
photographs were acquired in April and the mean grey-level values were calculated for 60 pixels
representing eight cover types. They found that color alone could not distinguish tamarisk from
associated vegetation; however, the use of textural classifiers greatly improved separability of cover
types. In southern California, Hamada et al. [18] used discriminant analyses of presence/absence data
and hierarchical clustering with hyperspectral imagery collected in October. Overall accuracy of their
research varied by scene and minimum patch size, and results tended to over classify tamarisk
distribution. Akasheh et al. [33] used an iterative classification procedure to map riparian vegetation
with high-resolution multi-spectral airborne sensors in July on the Rio Grande River, New Mexico.
The vegetation in their study site was largely dominated by four riparian species: tamarisk,
cottonwood, willow, and Russian olive. Using 24 validation plots for tamarisk, they were able to
achieve 86% classification accuracy.
These studies demonstrate an evolution of remote sensing and image processing for detecting
tamarisk and other invasive species. The development of new airborne and satellite sensors and
platforms, coupled with advanced statistical software, geographic information systems (GIS), and
predictive models, give researchers a variety of tools to detect and predict the distribution of invasive
species [34,35]. In this study, we explored the application of maximum entropy modeling with
remotely sensed data to map the distribution of tamarisk while incorporating strategies that have been
previously proven to be effective in vegetation mapping. Because conventional methods of remote
sensing have limited applications for detecting tamarisk, our analyses were conducted using the
Maxent software (v3.2.1; www.cs.princeton.edu/~schapire/maxent/), which uses presence points to
predict the potential range and habitat distribution of a species [36,37]. In several recent studies,
Maxent has been found to be especially useful for mapping invasive species [38,39] and ranked high
when compared to other models for predicting tamarisk distributions [35]. We tested six satellite
scenes and derived vegetation indices from different months of the growing season to detect tamarisk
using single-scene and time-series analyses. Our objectives were to compare each analysis and
determine which month of the growing season was the best time for detecting tamarisk. Lastly, we
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examined the effectiveness of several vegetation indices derived from remote sensing data that have
proven useful in other remote sensing studies.
2. Methods
2.1. Study Area
This study was conducted in the lower Arkansas River in Southwestern Colorado. The Arkansas
River is the sixth longest river in the continental U.S. Its headwaters begin in the Rocky Mountains of
central Colorado and it flows 2,364 km east through Kansas, Oklahoma and Arkansas before emptying
into the Mississippi River. In Colorado, the river drops 1,400 m in elevation from its origin to the edge
of the Great Plains near the city of Pueblo [40]. From Pueblo, the river flows approximately 400 km to
the Kansas state line and sustains a wide belt of irrigated agriculture through a series of ditches and
channels. Elevations and mean annual precipitation range from 1,417 m and 29.7 cm at Pueblo to
1,021 m and 38.3 cm at the state line [41]. Tamarisk was first reported in this region in 1913, and
observers noted the species’ rapid spread as early as 1921 [41]. Today, tamarisk infestation along the
Arkansas River between Pueblo and the state line is estimated to be more than 120 km2 resulting in the
estimated loss of 47,000 acre-feet of water annually [42].
Our study area was defined by the boundaries of the Landsat7 Enhanced Thematic Mapper Plus
(ETM+) scene (Path 32, Row 34) used in our analyses. The study area includes approximately 175 km
of the Arkansas River in southeastern Colorado between the town of Avondale and the City of Lamar
(Figure 1). Also included in the scenes are John Martin Reservoir, the lower sections of the Purgatoire
and Apishapa rivers, developed agricultural lands, and a significant area of semi-arid rangeland that
extends into New Mexico.
Figure 1. Map of the Arkansas River in Colorado. The study area is highlighted in grey.
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2.2. Field Data
This study relied on the results of an intensive inventory and mapping effort by the Tamarisk
Coalition (www.tamariskcoalition.org) and other groups completed in 2007. Inventory and mapping
were coordinated with the U.S. Geological Survey’s (USGS) efforts to establish a national on-line
database conforming to the weed mapping standards developed by the North American Weed
Management Association (http://www.nawma.org/). This study utilized existing aerial photography,
satellite imagery, and supplemental information available from multiple resource management
agencies, research institutions and non-government organizations [42]. Stands of tamarisk were
inventoried by field crews to confirm infestation density, maturity, height, accessibility, presence of
native species, and other site characteristics. Stands of tamarisk were inventoried using global
positioning systems (GPS) handheld units and transformed into spatially referenced geographical
information systems (GIS) polygons with the aid of aerial photography. Over 1,633 miles of the
Arkansas River, its tributaries, wetlands, and canals and dry land stands in the Arkansas watershed
were surveyed [42], including the area in Colorado occupied by our imagery. These data are now
stored and available on the National Institute of Invasive Species Science website (www.niiss.org).
From these polygon data, we randomly generated 400 presence points from tamarisk polygons that had
a percent basal cover >50%. Of these, 250 points were used for training (62.5%) the model, while 150
points were reserved for testing (37.5%). Some of our model testing required the use of absence points.
An additional 150 tamarisk absence points were randomly generated using GIS for areas outside
tamarisk polygons. These areas represent dry upland, agriculture, rangeland, and riparian land
cover types.
2.3. Remotely Sensed Data
We used six Landsat 7 ETM+ scenes for our analyses. Each scene and derived vegetation indices
were processed using ERDAS Imagine v9.0 [43] and ArcGIS 9.1 [44] software. The scenes, selected
for their seasonal variation, were acquired on April 16, 2000; May 11, 2003; June 23, 2001; August 12,
2002; September 7, 2000; and October 23, 1999. From each scene, bands 1-5 and band 7 were used in
our analyses. Additionally, we generated several vegetation indices from each scene that are
commonly used for estimating vegetation and land-cover features. Normalized difference vegetation
index (NDVI) is a non-linear transformation of the ratio between the visible (red) and near-infrared
bands (NIR; [45]). The NDVI is commonly used to measure vegetation canopy characteristics such as
biomass, leaf area index, and canopy cover [46-48]). We calculated NDVI using the
following expression:
NDVI=(band 4 – band 3)/(band 4 + band 3)

(1)

The Ratio Vegetation Index (RVI) was calculated by dividing near infrared (band 4) by visible red
(band 3) reflectance values [49]. The RVI and NDVI are very similar in that they are a measure of the
slope of the line between the origin of red-NIR space and the red-NIR value of each pixel. The major
difference between the two is the range of values given by the calculations. Some studies have used
RVI and NDVI together [50], while other studies have elected to use one or the other [7].
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Tasselled Cap transformations were conducted for each scene using the coefficients reported by
Huang et al. [51]. Originally developed for understanding changes in crop development, tasselled cap
transformations are weighted composites of the six Landsat bands into three orthogonal bands that
have been useful in measuring soil brightness (tasselled cap, band 1), vegetation greenness (tasselled
cap, band 2), and soil/vegetation wetness (tasselled cap, band 3, [52]). These transformations have
been described as a guided and scaled principal components analysis and have been shown to be useful
in identifying forest attributes such as species composition, age class, and structure [43,53,54].
We also calculated the Soil-Adjusted Vegetation Index (SAVI; [55]), a ratio-based index developed
to minimize the effects of the soil background. The formula used for calculating SAVI is:
SAVI = [(band 4 – band 3) × (1 + L)/(band 4 + band 3 + L)]

(2)

where L is a correction factor ranging from 0 (high vegetation cover) to 1 (low vegetation cover). Each
month had twelve potential predictor variables used for single-scene analyses, while the time-series
analysis used a total of seventy-two potential predictor variables.
2.4. Data Analyses
We conducted our analyses using the Maxent software v.3.2 (www.cs.princeton.edu/
~schapire/maxent/), which is a general-purpose method for estimating probability of distributions
based on the principle of maximum entropy [36,37]. Maxent uses presence-only data to define known
conditions within the parameters of the independent variables to predict a species’ distribution and
excludes all conditions that are unfounded or undefined. The model is nonlinear, nonparametric, and
not sensitive to multicollinearity. Besides having several evaluation features built into the program,
Maxent also provides the percent contribution of each predictive variable. Several recent studies have
found the Maxent model to perform as well, or better, when compared to other modeling
methods [35,39,56].
Each monthly scene, and the associated vegetation indices, were analyzed and tested independently
(six models); while the time-series analyses were conducted using two modeling procedures. The first
time-series model used all 72 predictor variables generated from the six scenes. From these results, we
restricted the models to only those variables that had a predictive contribution >1.0% (n = 17) and used
them as predictor variables for our second time-series model. The 17 variables were tested for crosscorrelations using SYSTAT (version 12; SYSTAT Software, Port Richmond, California, USA). For
variables that were highly correlated (Pearson correlation coefficient >0.80), we removed the ones that
had the least predictive contribution in first-time series analysis model. This further reduced our
number of variables to seven potential predictors.
We tested the models with threshold-dependent and threshold-independent measures using features
available with Schroder’s ROC/AUC software (http://brandenburg.geoecology.uni-potsdam.de/users/
schroeder/download.html). The ROC/AUC software was specifically developed for assessing the
predictive performance of habitat models and requires presence and absence data. Thresholddependent evaluations, using the ROC/AUC software, were measured by specificity, sensitivity, and
Cohen’s maximized Kappa [57]. Specificity is the proportion of true-positive and false-positive
absences, and sensitivity is the proportion of true-positives and false-positive presences. The
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maximized Kappa statistic (K) measures the proportion of correctly classified points (i.e., presence,
absence) after accounting for the probability of chance agreement. Kappa statistic values range from
–1 to +1, where +1 would be perfect agreement, and any values less than 0 would indicate a
performance no better than random [57,58]. Landis and Koch [59] ranked analysis performances as
poor when Kappa values are <0.40, good when the Kappa values range from 0.40 to 0.75, and
excellent when Kappa values are >0.75.
The threshold-independent evaluation required a Receiver Operating Characteristic (ROC) curve,
where ‘sensitivity’ is plotted against ‘1-specificity’ for all possible thresholds [60]. From the ROC
analysis, the Area under the ROC Curve (AUC) is calculated using presence and absence observations
to measure the probability that a random, positive point falls within the predicted range of occurrence,
and a random negative point falls outside [61]. The AUC value can vary from 0.5 (no better than
random) to 1.0 (perfect discrimination, [62]). AUC evaluations for each model are presented in the
results.
3. Results and Discussion
All the models generally performed well, further highlighting the applicability of remote sensing
and vegetation indices for detecting tamarisk. The best model was the first time-series analysis that
used all 72 variables (Figure 2). The AUC value for this model was 0.96, while the percent of correct
predictions was 0.90 and kappa statistic was 0.79 (Table 1). The next best models were the second
time-series analyses with the reduced number of variables, and the October single-scene analysis. The
AUC values for these models were 0.93 and 0.89, respectively. The percent of correct predictions and
kappa statistics for the second time-series analyses and October single-scene analyses were 0.84 and
0.85, and 0.69 and 0.71, respectively. The June, August, and September single-scene analyses had
slightly lower but similar evaluations. Generally, the results from the single-scene analyses improved
toward the later part of the growing season and into the fall months when most native plants go
into dormancy.
Table 1. Tamarisk model evaluations of single-scene and time-series analyses of Landsat 7
scenes and associated vegetation indices generated using the ROC/AUC Calculator.
Scene
analysis
April
May
June
August
September
October
Time-series1
Time-series2

Num.
variables
12
12
12
12
12
12
72
7

AUC

Sensitivity Specificity % Correct Kappa

0.89
0.88
0.92
0.91
0.91
0.89
0.96
0.93

0.75
0.83
0.93
0.91
0.83
0.77
0.93
0.85

0.89
0.84
0.76
0.79
0.89
0.94
0.86
0.84

0.82
0.83
0.84
0.85
0.86
0.85
0.90
0.84

0.64
0.67
0.69
0.70
0.71
0.71
0.79
0.69
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Figure 2. An enlarged view of tamarisk detected along the Arkansas River and irrigation
ditches near the town of Riverdale in southeastern Colorado. The results shown here are
from a time-series analysis that used 72 remotely sensed data sets from Landsat 7 ETM+.
Tamarisk infestations are shown from moderate (orange) to high (red).

The best predictor variables for the first time-series analyses were the June tasselled cap wetness
(25.8%), September tasselled cap wetness (16.4%), and October wetness (11.6%, Table 2). Similarly,
the best predictors for the second time-series analyses were the June tasselled cap wetness (63.1%),
April NDVI (9.7%), and October band 3 (7.8%). It should be noted that the September tassled cap
band 3 was found to be highly correlated with the June tasselled cap wetness, thus it was omitted from
the second time-series analyses. With the exception of the April NDVI, the best predictors for both
time-series analyses were from the months that performed the best of the six single-scene analyses. Of
the eight models, seven had at least one tasselled cap transformation as one of the top predictors.

Remote Sens. 2009, 1

527

Table 2. The predictive contributions of the top three variables for each model generated
from Maxent.
Scene Analysis Variable
Contribution (%)
April
band 7
25.5
band 4
20.6
NDVI
17.8
May
band 7
37.7
tasselled cap wetness
31.9
band 1
9.9
June
tasselled cap wetness
78.5
band 1
8.6
band 4
5.5
August
tasselled cap wetness
59
band 4
13.6
band 1
9.6
September
tasselled cap wetness
42.2
band 5
16.1
band 7
14.3
October
band 3
30.2
tasselled cap wetness
21.4
band 7
17.9
1
Time-series
(June) tasselled cap wetness
25.8
(Sept) tasselled cap wetness
16.4
(Oct) band 3
11.6
2
Time-series
(June) tasselled cap wetness
63.1
(April) NDVI
9.7
(Oct) band 3
7.8
Our results suggest that the time-series analyses can better distinguish phenological differences
between tamarisk and native flora than a single-scene analysis (Table 1). Spectral data from the
months of June, September, and October consistently had the greatest capability for detecting tamarisk
in all of our models. We can speculate that the peak in tamarisk green-up and its purple-pink flowers
contribute to the spectral uniqueness during June, while its extended growing season and the yellow
foliage late in the year are conspicuous in September and October. Collectively, data from these
months produced the strongest results in our time-series analysis; we are encouraged to see that they
each performed exceptionally well with the single-scene analyses. Our findings are also in agreement
with results from previous remote sensing studies on tamarisk [22,33]. Although spectral data from
these months performed best in our study area, they may not necessarily be the best candidates in other
ecosystems, geographic regions, or spatial scales.
Vegetation indices used in our analyses made considerable predictive contributions to our final
results. Most notable were the tasselled cap transformations for soil/vegetation wetness (tasselled cap
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band 3). The tasselled cap wetness index has been shown in other studies to be reliable for detecting
change in forest structure and biomass using single-scene and time-series analyses [54,63,64].
Tamarisk biomass in our study site is quite extensive and significantly higher than native
vegetation [35]. Further study may be required to test the effectiveness of the tasselled cap wetness
index on low densities of tamarisk; however, our results indicate the index may perform well with the
remote sensing of large tamarisk stands or when used in a time-series analysis.
We were also encouraged by the performance of the Maxent model in analyzing remote sensing
data. We are confident that our model results could be improved if we integrated additional geospatial
variables that characterize the physical landscape (e.g., distance from water, slope), but we elected to
analyze monthly scenes and vegetation indices exclusively to better identify temporal trends with
tamarisk’s phenology in relation to other vegetation.
4. Conclusions
Our study revealed several important factors that may significantly improve the use of remotely
sensed data for detecting tamarisk and other invasive species. Our time-series analysis using all 72
variables performed best, while our second time-series analysis using the seven best predictors that
were not correlated had only a slight reduction in model performance. This would suggest that
variables that have lower predictive contributions can still improve results when used collectively. We
have identified at least three different times during the growing season when phenological attributes of
tamarisk can help distinguish the species from native vegetation. We have also demonstrated that
phenological differences may be better detected using a time-series analysis than a single-scene
analysis. Biomass indicators, such as the tasselled cap wetness index, may prove useful for remotely
sensing large tamarisk infestations or for detecting landscape change in a time-series analysis.
Our study also demonstrates that the Maxent model may prove to be a powerful new tool for
analyzing remotely sensed data. Originally designed as a model for predicting species distribution and
potential habitat, Maxent has several features that support remote sensing analysis. Maxent is not
sensitive to multicollinearity, which is commonly associated with remotely sensed data sets. It also can
be used with presence-only data and requires no additional partitioning of background data. Lastly,
Maxent easily integrates other geospatial data types (elevation, distance from water) that may enhance
prediction and detection efforts.
There are several caveats in regard to this study that need to be considered. First, tamarisk presence
points used to train and test our models were randomly generated indirectly from GIS polygons
derived from field surveys. Similarly, absence points required for some of our evaluations were
randomly generated in areas where tamarisk was not reported to occur. These methods may increase
the risk of sampling error compared to other sampling designs. Although we are confident in the data
quality from the Tamarisk Coalition’s survey efforts, we must recognize that this approach may not be
the ideal sampling design for training Maxent models and remotely sensed data. For future efforts, we
suggest that training and testing data be acquired by direct field observations with geographical
coordinates collected on site. Specifically, each presence or absence point used for the analysis should
be confirmed and recorded in the field to minimize sampling error and increase data quality.
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Second, the training data selected for the analysis required that tamarisk have a minimum basal area
of 50%, which we believed was an appropriate threshold for our tests given the resolution of Landsat 7
ETM+ scenes (i.e., 30 m2), the extent of our study area, and the uncertainty related to the field data.
Thus, the presence data used to train our models were derived from areas where tamarisk was the
dominant vegetation type. This presents obvious limitations for mapping tamarisk distributions and
detecting early infestations. Our methods, however, can be easily modified to fit different management
objectives and used with different types and formats of remotely sensed data. For example, smaller
study areas may be better suited for high-resolution imagery, which would enhance the detection of
individual plants and low-density infestations. This approach may prove to be too costly for resource
management agencies that require surveys across large landscapes. Despite the fact that our results are
only applicable where tamarisk is dominant, they are still valuable for planning mitigation efforts. For
example, the use of bio-control agents and aerial spraying of herbicides is most economically feasible
on large areas where tamarisk is dominant. Regardless, we must recognize that remote sensing of
individual plants inhabiting diverse ecosystems still presents many challenges and limitations.
Despite these concerns, we believe that the methods tested in this research have produced promising
results that will enhance our ability to remotely sense tamarisk and other invasive plant species. We
have also found the Maxent model to perform positively when used with remotely sensed data. Further
refinement of our methods is needed, including tests that employ different sensors across multiple
spatial scales.
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