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This paper presents a national-scale map of habitat suitability for tamarisk (Tamarix spp, salt cedar), a high-
priority invasive species. We successfully integrate satellite data and tens of thousands of field sampling
points through logistic regression modeling to create a habitat suitability map that is 90% accurate. This
interagency effort uses field data collected and coordinated through the US Geological Survey and nation-
wide environmental data layers derived from NASA’s MODerate Resolution Imaging Spectroradiometer
(MODIS). We demonstrate the use of the map by ranking the 48 continental US states (and the District of
Columbia) based on their absolute, as well as proportional, areas of “highly likely” and “moderately likely”
habitat for Tamarix. The interagency effort and modeling approach presented here could be used to map

other harmful species, in the US and globally.
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Tamarisk (Tamarix spp, salt cedar) is an Asian
tree/shrub species which is invading riparian zones in
the United States {Christensen 1962; Robinson 1965). It
alters stream hydrology, increases soil salinity, and
degrades habitats for native species. There are substantial
costs associated with the eradication or control of
tamarisk, with implications for water salvage, wildlife use,
and riparian restoration {Shafroth et al. 2005). Further-
more, many organizations, from federal agencies ro grass-
roots citizen coalitions, are concerned with tamarisk inva-
sion. For example, the Secretaries of the Interior and
Agriculture have called for a cooperative initiative to
control invasive tamarisk (USDol 2005), highlighting a
national interest in setting priorities for tamarisk-related
control and restoration efforts. These efforts, in turn,
require geospatial information on tamarisk distribution,
abundance, and suitable habitat at a national scale.

Here we present a map of tamarisk habitat suitability
throughout the continental US. This work builds on
recent analysis in the western US, showing the abun-
dance of tamarisk in that region (Friedman et al. 2005).
Qur model, based on positive field locations and absence
locations, shows that many low- and mid-elevation
waterways in western and central US are vulnerable to
tamarisk invasion. The potential habitat for tamarisk
goes well beyond areas where it already occurs. Along
with providing current distribution dara, this habitat map
can help guide containment boundaries, identify priority
areas for early detection and rapid response, and monitor
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control strategies and cost-effectiveness in different
states. We consider this mapping effort to be a first
approximation for mapping tamarisk habitat at the
national level. It will be improved upon as more field data
become available, additional continental-scale environ-
mental data layers are constructed and incorporated into
the model, and users provide feedback.

The habitat map was constructed by coupling field data
with geospatial information derived from satellite
imagery. The US Geological Survey (USGS) compiled
field data indicating the presence or absence of tamarisk
from over 40 datasets and covering 32 148 points. The
field dara provided sufficient information to both con-
struct and test the model. Two-thirds of the data were
used to construct the model and one-third was used to
test the results. These dara were coupled to remote sens-
ing data from the National Aeronautics and Space
Adminiscration’s (NASA) Earth Observing System
through a logistic regression.

Previous studies have also used remote sensing darasets
to predict invasive species. For example, Peterson (2005)
estimated cover of invasive grasses using a modeling
approach similar to that described here, but for a smaller
area with higher resolution data. Several studies have
shown a relationship between a remotely-sensed spectral
response and tamarisk habitat, but again, these are for
smaller areas using higher resolution satellire or airborne
data (Everite et al. 1989; Everitt et al. 1996; Everitt and
DeLoach 1990). The novel aspect of the work presented
here is its national scale.

The stepwise logistic regression modeling procedure
provided an empirical method to relate field data points
to environmental layers derived from remote-sensing
data covering the contiguous US. Previous work showing
the spectral-temporal signature of tamarisk {Everitt and
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DelLoach 1990) led us to exploit the phenology observed
in che time series of the MODerate Resolution Imaging
Spectroradiometer (MODIS) vegetation index {(Huete et
al. 2002). The model is refined by incorporating land-
cover type, also derived from MODIS data (Friedl et al.
2002). The stepwise procedure resulted in a highly predic-
tive (90.1%), parsimonious model relating the presence
of tamarisk with land-cover type and seasonal variability
of vegetation indices.

The logistic regression approach uses the environmen-
tal layers ro characrerize the habitat of known tamarisk
locations as well as those areas with no tamarisk. Areas
throughout the continental US exhibiting land-cover
and vegetation characteristics similar to locations where
tamarisk was observed in the field are associated with a
higher metric in the derived map. Areas exhibiting char-
acteristics similar to locations where field data indicated
the absence of tamarisk are associated with a lower met-
ric on the map (Figure 1). This metric is then used to
classify “highly likely” (areas in the 99th percentile of
the map) and “moderately likely” (areas in the 90th per-
centile) habitat.

Suitable tamarisk habitat is highly variable among
states. In Table 1, the two separate columns labeled “rank
by fraction” refer to the proportion of either highly or

moderately suitable habitat compared to the size of the
state. The map and table imply that there is a much
greater area of suitable habitat for tamarisk than is cur-
rently invaded. (There is no explicit map of all areas that
have been invaded, but the number of presence points in
Table 1 and the work of Friedman et al. [2005] provide an
indication of our current understanding.) The Colorado
and Rio Grande River basins have experienced heavy
infestations, but large areas in the west and southwest are
indicated as having suitable habitat for tamarisk and so
may be in danger of invasion from adjacent populations.
The location and extent of suitable habitat indicares
that we may be early in the tamarisk invasion process, or
that other factors not measured here are limiting
tamarisk spread. Another concern is that hybrids of vari-
ous tamarisk species may be able to adapt to a wide vari-
ety of new habitats on this continent (GISD 2005).
Alternatively, strategic containment efforts using biolog-
ical, chemical, and manual control methods, followed by
careful restoration of native species, may slow the spread
of tamarisk and associated invasive species. In any case,
remote sensing, survey data, and predictive spatial mod-
els are important tools for developing efficient and effec-
tive containment strategies for non-native species over
large areas.
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Table 1. Ranking of the lower 48 states (and District of Columbia) by areas of highly suitable (99th percentile) and
moderately suitable (90th percentile) tamarisk habitat. For columns reporting area, units = hectares x 1000

Area with Area with
Number of Number of highly % of total moderately % of tatol
presence obsence Tato! suitoble  Rank by  state Rank by suitable Rank by  state Rank by

State points ponts area habitat areo orea fraction habitat area area fractian
Texas 16 48 68401 20598 / 3011 ! 38657 i 5652 3
New Mexico 422 0 31535 3989 3 i3.55 2 16539 3 5245 5
Nevada 12 106! 28658 4089 2 1297 3 18253 2 63.69 2
Utah 362 697 21981 3400 4 8.34 4 16513 4 75.12 {
Arizona 1680 24 29451 3140 5 824 5 16143 5 54.8i 4
California 175 1172 40787 96 6 0.38 6 14226 6 34.88 7
Oregon ! 797 25141 8! 7 0.32 7 5664 7 22.53 9
Flarida 0 456 14377 34 9 0.19 8 5004 9 34.80 8
Ohia 0 0 10670 39 8 0.18 9 5300 8 49.67 6
Coforado 3320 3718 26962 2} N 0.16 10 3088 1 11.45 13
Wyoming 6 165 25330 13 14 0.i10 i 1611 14 6.36 18
Kansas 6 2 2{289 6 18 0.10 12 873 18 4.10 21
Mantana 2 6270 38134 28 10 0.10 13 3186 10 835 16
Idaho { 1082 21586 13 i3 0.09 14 2582 13 11.96 i2
Oklahama 2 0 18133 15 i2 0.07 15 2688 12 14.82 I
Arkansas 0 22 i3703 6 19 0.06 16 646 19 471 19
indiana 0 0 9427 12 15 0.06 17 1594 15 16.91 10
Alabama 0 185 13394 6 2/ 0.05 8 262 2/ 1.95 25
Hiinois 0 0 14581 i0 16 0.04 19 1225 16 840 15
Louistana 0 0 11816 0 30 0.03 20 100 30 0.84 32
Washington 0 4253 17363 6 20 0.03 21 555 20 3.20 22
North Caralina 0 2803 12661 6 17 0.03 22 1169 17 9.23 14
Tennessee 0 814 1090/ 3 22 0.02 23 239 22 219 24
Virginia 0 0 10163 / 23 0.00 24 236 23 2.32 23
Mississippi 0 25 12333 0 27 0.00 25 18 27 0.96 31
Massachuselts 0 0 208! 0 26 0.00 26 143 26 6.85 17
Nebraska 3 39 20028 0 25 0.00 27 222 25 INE 29
Vermont 0 0 2487 0 28 0.00 28 114 28 4.59 20
Georgia 0 533 15175 0 24 0.00 29 225 24 1.48 27
South Carolina 0 755 7986 0 29 0.00 30 102 29 1.27 28
Wisconsin 0 0 14458 0 32 0.00 31 92 32 0.63 33
West Virginia 0 0 6275 0 3! 0.00 32 96 3 1.53 26
Missouri 0 0 18085 0 33 0.00 33 34 33 019 35
Narth Dakata 0 172 18339 0 34 0.00 34 32 34 0.17 36
South Dakota 0 262 19993 0 35 0.00 35 30 35 0.15 37
Minnesota 0 190 21890 0 36 0.00 36 22 36 0.10 39
New York 0 58 12200 0 36 0.00 36 6 37 0.05 41
Connecticut 0 0 1288 0 36 0.00 36 6 38 0.49 34
Kentucky 0 0 10437 0 36 0.00 36 6 39 0.06 40
Michigan 0 i38 14965 0 36 0.00 36 S 40 0.04 44
fowa 0 63 14570 0 36 0.00 36 S 41 0.04 43
Pennsylvania 0 80 11747 0 36 0.00 36 3 42 0.02 45
Rhode Isfand 0 0 248 0 36 0.00 36 3 43 1.04 30
New Jersey 0 0 1946 0 36 0.00 36 ! 44 0.05 42
Delaware 0 0 532 0 36 0.00 36 / 45 0.3 38
Maryland 0 24 2507 0 36 0.00 36 0 46 0.0! 47
Maine 0 55 8306 0 36 0.00 36 0 47 0.00 48
New Hampshire 0 0 2398 0 36 0.00 36 0 48 0.00 49
Dist of Columbia 0 77 17 0 36 0.00 36 0 49 0.02 46
Total 6008 26 140

There are some caveats related to the map. First, we do
not consider sources or pathways for tamarisk introduc-
tion. All invasive species require suitable habitat as well
as a means of being introduced to the area (ie propag-
ules). Secondly, the map is produced at a spatial resolu-
tion of 1 km, a level determined both by the resolution of

the input data layers and the practical constraints of pre-
venting the map's file size (~900MB) from becoming too
large for access and distribution by a wide range of poten-
tial users. Ongoing work is directed at higher resolution,
state-level maps and models. At the | km resolution, and
with the methods employed here, the result is a map of
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habitar suitability and not the actual presence of tamarisk
along watercourses in each 1 km? cell, nor the actual sus-
ceptible habitac smaller than this resolution {ie narrow
riparian zones, springs, etc). lt is appropriate to use the
map for large-scale summaries (such as those presented in
Table 1) or to sefect focus areas where further analysis
with higher resolution imagery and other environmental
data layers is justified. Despite these limitations, the
results provide a first order approximation of suitable
tamarisk habitat and, as such, offer a guide as to which
areas across the US should be most closely monitored for
ramanisk introduction or spread.

The map is available through the National Institute for
Invasive Species Science (NIISS 2005). We welcome and
anricipate feedback from its users. In addition, USGS will
continue to accumulate tamarisk field data and NASA will
continue to explore additional environmental layers that
can improve the predictive capacity of the model. The
datasets used here were derived from accessible, opera-
tional data layers from NASA’s MODIS land team (Justice
et al. 2002). They were readily available fot the study area
and their relationship with tamarisk habitat resulted in a
good model. Furure work could involve additional dara lay-
ers such as higher Tesolution remote-sensing datasets, dis-
tance to anthropogenic disrurbances or to streams or water
tables, soils dara layers, and climatic variables (such as
mean annual temperature as suggested by Friedman et al.
{2005]}. These data layers would have to be available and
consistent across the contiguous US and thete should be
an ecological justification to expect that the additional
data layer(s) will improve the prediction of tamarisk habi-
tat. New data layers and additional field points will likely
lead to continual improvements in our understanding of
tamarisk distributions and suitable habitat.

H Methods

USGS national tamarisk occurrence data

Field data were collected in three ways. First, beginning
in 2001, agencies and organizations, particularly in the
srate of Colorado, were asked to share information they
had collected on the locations of invasive, non-native
species. Over 45 disparate datasets were collected and
assembled into a single spatial database. This collection
efforc also involved searching the Internet to locate
Geographic Information System (GIS) mapping layers
and compiling weed mapping data for several natural
areas. The second source of data was unsolicited contri-
butions to the USGS tamarisk mapping project website,
T-Map (The Tamarix Cooperative Mapping Iniriative;
www.tamariskmap.org), that was released in April 2004.
The final group of data came from fieldwork conducted
by our research group and included both presence loca-
tions for ramarisk-specific studies beginning in 2003 and
presence and absence locations from other vegetation
survey field efforts beginning in 1996. Presence locations

were extracted from all datasets, including weed map-
ping data and vegetation plots of all sizes. Absence
points were obtained from vegetation survey plots
approximating a 30 m’ grid cell that recorded tamarisk
presence. While a measure of tamarisk abundance at a
particular site would have provided additional informa-
tion, in order to maximize the consistency between the
disparare darasers we consider only presence and
absence here. After all the datasets were combined, veg-
etarion survey data were specifically requested from the
VegBank database (hrtp://vegbank.org) to fill in a large
data gap for the eastern and northwestern US. The
number of presence and absence points from each state
is listed in Table 1.

Remotely sensed layers

Constructing a national-level map for the 48 continental
states in the US (plus the District of Columbia) requires
using the environmental data layers available for that
arge area. NASA’s MODIS instrument provides almost
daily coverage of the globe (Justice et al. 2002). The
MODIS products described here are the 1 km spatial reso-
lution land-cover product, using the International
Geosphere-Biosphere Programme (IGBP) classification
systern (Friedl et al. 2002), the 250 m spatial resolution
Normalized Difference Vegetation Index (NDVI), and
the Enhanced Vegetation Index (EVI). The EVI was
developed to optimize the vegetation signal with
improved sensitivity in high biomass regions and
improved vegetation monitoring by removing rhe signal
from the background soil and reducing atmospheric influ-
ences (Huete er al. 2002). To avoid cloud cover and other
spurious effects from viewing and illumination angles
(Justice et al. 2002), the MODIS vegetation index prod-
ucts are generated by compositing daily data every 16
days, resulting in 23 composites per year (Huete et al.
2002). The MODIS data used here were “Collection 4”
data acquired from February 2000 through February 2004,
as available through the Land Processes Distributed
Active Archive Center (LPDAAC 2005).

Extracting summary values from NDV!I and EV!

A discrete Fourier rransform was used to extract three
summary values from the MODIS NDVI and EVI time
series for each pixel (Moody and Johnson 2001). The
Fourier transform effectively fits a constant amplitude,
yearly sine wave to each pixel, which was uniquely speci-
fied by the mean, amplitude, and phase. The ecological
interpretation of the mean is the average vegetation
greenness from February 2000 to February 2004, while
the amplitude of the sine wave describes the average sea-
sonal variability of greenness. The appropriately scaled
phase is the average date of peak greenness. This sum-
mary method is depicted for one pixel’s two-year time
series in Figure 2.
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Logistic regression

variables. For the categorical land-cover
variable, we used treatment contrasts to set
dummy variables with a baseline level of

Logistic regression (Hosmer and Lemeshow § 10
2000) was used to associate the binary £ =
response of presence or absence of tamarisk %
with the remote sensing vartables (Keaneet @ -
al. 2002). We used the field observation of &
presence or absence of tamarisk as the = =
dependent variable and considered MODIS £ 5
land cover and the three summary statistics ' £ @
(mean, amplitude, and phase) from both j—;
NDVI and EVI time series as the predictor 'g -

2

£

2

Twa years of MODIS Normalized Difference Vegetation index

-

-5

land cover = water. Exploratory data analy-
sis revealed that locations with known
tamarisk showed much less absolute differ-
ence between the range in NDVI and the
range in EVI than did areas without
tamarisk (Figure 3). Known ramarisk loca-
tions are shown as red crosses on the figure
and tend to fall along the line where the
seasonal variability in NDV1 is equal to the
seasonal variability in EVI (shown as a

2002

BRSE
2003

Time (ysars}

- Date of pes

+ Range 1 vegetation

Figure 2. bm5am depicting the summary merhod applied to each 250m pixek b
derive three meurics from the MODIS vegetation index time series.

dashed line on Figure 3), while non-
tamarisk locations fall off of this line. The difference
between the EVI and NDVI MODIS products is an
adjustment for the armosphere and soil background
(Huete et al. 2002). It is probable that the trend of
tamarisk growing along the one-to-one line is due to the
soil. Tamarisk spreads quickly and is thick enough to covet
most soil and will therefore reduce or block any signal
from the soil. Conversely, non-tamarisk locations in ripar-
ian areas will have either bright sandy or dark wet soils.
These will show up as differences in the range in EVI and
NDVI in either direction. This theory

tiguous US. With the data presented here, the proper
interpretation of the map is not an absolute probability of
the habitat to support tamarisk, but rather a relative
ranking of suitable habitat (Keating and Cherry 2004).
Thus, the acreage values ranked in Table 1 provide a use-
ful and legitimate interpretation of the logistic tegtession
results.

We used a forward selection method to find out the
variables’ entering sequence with regard to their contri-
bution to the modeling. We then used the test dataset to

would match the partern seen in Figure 3 :
and led us to consider the absolute differ-

Tamarizk iocations with respect W the range in NDVI and BV

ence between the range in EVI and the : - P

range in NDVI1 {AbsDIFF,py ) in the S
model. W
The data were split into a training ser to
fit the model (using 67% of the data) and a
test set to check its accuracy (using the

remaining 33% of the data). We main- | > =

tained a case-control sampling such that = ¥ |

the probability of any absence point being 3!

included in the sample (P,} was equal to -

the probability of any presence point being g i
excluded in the sample (P,). For the train- .

ing data both Py and P, equal 2/3 and for
the test data both P, and P, equal 1/3. It is
impossible to know the true proportion of
tamarisk habitat in the US and it would be

(D\

2000 4000 4000 5000

NDV! range

prohibitively difficult at this point to con-
duct a large enough random sampling to
estimate this proportion across the con-

Figure 3. Scatter plot of the range in NDVI vs the range in EVI, with knbum
tamarisk locadons shoun as red crosses. Non-tamarisk locations are shown as
greent dots.
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Table 2. Logistic regresslon coefficients assoclated with the MODIS

suitability map resulting from the model
is appropriate for large-scale analysis

{(such as che state rankings in Table 1).
Further refinement to the national model

land cover

Lond-cover class B Interpretauon
VWater ¢ (baseline for the categorical variable)
Evergreen needleleaf forest -2.736 0.065
Evergreen broadteaf forest -1.rs 0.327
Deciduous needleleaf forest o* *
Deciduous broadleal forest 0* #

Mixed forest -4.028 0.018
Closed shrub 2411 11.145
Open shrub 2514 12317
Woody savannas 0.426 1.531
Savannas 0.802 2.230
Grasslands 2.071 7.933
Permanent wetlands 0™ *
Croplands 1.583 4.870
Urban and built-up 0* *
Cropland/natural veg mosaic -2.922 0.054
Snow and tce o* *

Barren and sparsely vegetated areas  1.797 6.032

Values represenc the number of umes that a particular land-cover class s more likely to support tamansk than

waler areas.

Higher values (> 1.0) imply & more suitable land-cover type for tamarisk, while lower values (< .0} imply a less

sumable nabitat for tarmarisk.

“These land-cover types have no smusucally signdicant different probabilites of invasion from land-cover type 0.

is being explored with ongoing research
at NASA and USGS. Furthermore, the
national model and map will be used ro
guide higher-resolution models at a
regional, state-wide level. Finally, the
data layers used here are operationally
available globally and the modeling pre-
sented is fairly general. We cherefore
believe the approach described in this
paper could be used to map other harmful
species, both in the US and globally.
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compare different models and selected the model accord-
ing to its overall performance. The four criteria used to
choose berween models were: AUC (area under
Receiver-Operaring-Characteristic Curve), MSE (mean
square error), MAE (mean absolute error), and the pro-
portion of correctly predicted observarions with thresh-
old 0.5 (Hosmer and Lemeshow 2000).

The logistic model with best overall performance
included the MODIS land-cover variable and the sea-
sonal variability in borh NDVI and EVI. The model has
the form:

habitar suitability = exp(y)/l + exp(y)

where y = -0.777 - 0.0003281 x NDVI range — 0.004735
x AbsDIFF, sy + B; and B, depends on the pixel’s land-
cover type i. Values fot B, are listed in Table 2.

For this model, the AUC= 0.950, MSE= 0.069,
MAE = 0.135, and the proportion correct = 0.901.
Adding any of the other MODIS vegetation index (either
NDVI or EVI) summary variables to the model did not
improve any of chese criteria. The negative coefficients on
borh the NDVI range and the AbsDIFF, gy, ¢y imply that
higher values for rhese two variables are associated with
lower habitat suitability. The interpretation of the
MODIS land-cover variable is provided in Table 2.

It is satisfying that such a parsimonious model does a
reasonable job fitting this national dataset. The habitat

port of our research on integrating NASA
data into ecological modeling and invasive species forecast-
ing. Special thanks to ] Smith, NASA Goddard Space
Flight Center, for his leadership role in the Invasive Species
Forecasting System. This analysis was conducted as part of
the USGS/NASA Invasive Species Forecasting System
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