
LOCATING ISOLATED POPULATIONS  

technique locate isolated 
populations using satellite imagery 

Abstract  Locating isolated populations is important to conservation efforts. Here I describe a tech- 
nique using satellite imagery to predict species presence across large areas (e.g., water- 
shed or state). The technique requires knowledge of species presence at training sites 
within the area of ~nterest. These training sites are used to develop a supervised classifi- 
cation, using Mahalanobis distances as a classification rule, to identify similar sites. The 
technique should provide better prediction than a typical habitat classitication (i.e., a 
habitat map derived from satellite image interpretation) because all data in the image can 
be used to develop the model. As an example, I developed and tested a model to pre- 
dict presence of Bachman's sparrows (Aimophila aestivalis) within the 1.48 x 10"a 
lower Flint River basin, Georgia. As predicted, the model was better than a habitat clas- 
sification to identify presence of Bachman's sparrow. Using satellite imagery to develop 
species-presence models might provide more accurate models of species occurrence, 
thus reducing time needed to search tor isolated populations. 

Key words  Aimophila aestivalis, Bachman's sparrow, Georgia, habitat model, Mahalanobis distance, 
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Wildlife habitat models are created for a variety "signature" that can be detected using the imagery 
of purposes. Models may be used to predict Because different types of vegetation reflect and 
species presence or absence (Scott et al. 1993) or absorb radiation differently (e.g.. coniferous trees 
to increase understanding of habitat requirements absorb more radiation in the near-infrared region 
of a species (Clark et a1.1993, Kopp et al. 1998). than hardwoods do), the amount of radiation 
This latter group of models might require intensive reflected is often used to assign each pixel to a sin- 
habitat sampling (e.g., Jorgensen et al. 1998, Kopp gle vegetation or land-cover (i.e., habitat) class. In 
et al. 1998) or a detailed geographical information developing a habitat layer, multivariate statistics, 
system (GIS) for model development (e.g., Clark et usually discriminate fiulction or cluster analysis, are 
al. 1993. Roseberry and Sudkamp 1998, Miller et al. used to identify similar habitat hpes .  The classifi- 
2000). When the goal of modeling is merely to cation process is designed to replace multiple 
determine species presence, intensive sampling or bands of data with a single value. the habitat class. 
development of a detailed GIS might not be Thus, information about vegetation conditions rep- 
required. resented by the pixel is lost in the classification 

Creation of habitat maps (i.e., layers) is a com- process. 
mon use of satellite imagery, and these habitat lay- Habitat associated with presence of a species 
ers are often incorporated into a GIS and used to often requires more information than provided 
predict species presence (Scott et al. 1993, Rose- from a typical habitat layer as developed from satel- 
berry and Sudkamp 1998). Satellite images have lite imagery (i.e., a land-cover layer). For example, 
multiple bands (statistically, a band is analogous to Bachman's sparrows (Aimophila aestizlalis, here- 
a variable) of data, and each habitat could provide a after BACS) are associated with open-canopied pine 
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stancis or e:~rllsuccessioi1;tl habitats lvith a dense 
understory (Dunning 1993). Most latld-cover layers 
do not provide sufficient detail to develop a useful 
"search strategy" for locating BACS populations at 
landscape scales. Rather, a typical land-cover l;tyer 
ticlineates only vel? crude habitat types (e.g., 
deciduous ti)rest, coniferous forest, agriculture. 
etc.). Despite ol>viouslimitations, a lantl-cover layer 
might be helpful for ruling out areas \vhere HACS 
we not like11 to occur (e.g.. harclwood habitats, 
;tgriculture. ctc.). However, the land-cover l;lyer 
might be too general to determine suitabilitJ. o f  
remaining habitats (e.g., incapable of ciiscrirninat-
ing between suitable and unsuitable coniferous 
forests). 

Biologists neecl not be restricted to standard 
habitat classifications when predicting species 
occurrence. In fact, unclassified satellite inlages 
coulcl actually prove better to locate isolateti popu-
lations bec;~useunclassified images co~ltainmore 
data to predict species occurrence (i.e.. all bands 
itre available for model de~.elopment).The objec-
tive of this paper is to dcscribe a technique for 
using satellite imagery to locate isolated popula-
tions. This accomplished. I then pro~.iclean exam-
ple using RA(:S to illustrate the ~~rocedure .  

Modeling procedure 
Satellite in1:lgery consists of cells (i.e..pixels) of 

a gi\-en size covering ;tn area of 1andsc;ipe. For each 
pixel, there are multiple bands of data representing 
amount of electronlag~leticradiation either reflect-
ed or emitted, within a given m7avelength. For 
example. L4NI)SAT Thematic Mapper (EROS Data 
Center. I;tlitecl States Geological Sur~e!; Sioux Falls, 
S.D.) data ha\-e approximately 30 x 30 nl pixels and 
contain 3 bands within the visible spectrum (i.e.. 
;ipproximatel!- 0.3-0.' ym). 1 banti m-ithin the near 
infrared region (i.e., approximately 0.'-1.3 pm). 2 
hands in the mid-infraretl region (i.e.,;lpproxinlate-
ly 1.3-3.0 ym), and 1 band in the thermal infrared 
(approximatel!- -3.0-14.0 ym;pixels in this band are 
120 x 120 n ~ ) .7'1111s.for each pixel there are - val-
ues describing the amount of electromagnetic radi-
ation reflected or emitted at each monitored wave-
length (Lillesand and Kiefer 1994). 

If there are sites u-l~erea species of interest is 
knolvn to occur. it is a simple matter to delineate 
these sites on a satellite image and then use these 
areas as training sites to develop a tnodel to locate 
similar areas. The number of training sites must 

exceed the number of bands of data by at least 1. 
but, as xvith any statistical procedure, better results 
are obtained with lrirger sanlples (Lillesand and 
Kiefer 1993). This approach is a~lalogousto stan-
dard biometric 11abit;tt ~llodeli~lgprocedures (Bren-
nail et al. 1986. Cl;~rket al. 1993). Hornw-er. the 
approach differs in that pixel reflectance values. 
instead of traditional habitat variables (e.g.,1-egeta-
tion type, land use. percentage groundcover, etc.). 
are useti with the satellite image (Lorallo et ;{I. 
2001). 

Standard statistical nodel ling approaches can be 
used to develop models of species presence. Horn--
e\-er, there are appealing attributes associateel with 
using Mahalanobis distances (Clark et al. 1993, 
Lovallo et al. 2001) to develop a satellite irnage-
based mociel. First, the use of !\Iah;+lanobisdis-
tances does not require using rantiom sites or sites 
where the animal is absent to develop a mociel. a 
problem with other procedures such as discrimi-
nant function analysis or logistic regression ((:lark 
et al. 1993, Conner anti Leopold 1998). Second, 
hIahalanobis distances are distributed as X' with 
df=(number of bancls) - 1: thus. IJ-valuescan be cal-
culated to represent an index of the probability that 
a cell belongs to the group of interest (Clark et al. 
1993). For ex;tmple, if we used 3 bands of data, the 
output distances would be compared to the z L tlis-
tribution with 2 df to derive I-'-values. Finall!; 
because ,\.lahalanobis distances are sornetirnes iised 
to create habitat classificatio~lsusirlg satellite 
imagery (ERDAS.Inc. 2001), ~uostimage-processing 
packages contain AIahalat~obisdistance routines. 

Essentiall!; the nodc cling proceclure treats areas 
where the species of' interest is known to occur as 
trailling sites. The training sites are then useif to 
develop a supervised classification (Lillesatld and 
Kiefer 199-4).using the Mafiakinohis dista~lceclassi-
fication rule (ERDAS. Inc. 2001). to locate other 
areas n41ere the species might occus. 

Example application 
Tr-ainirzg-siteselection 

I conducted fixed-radius (50 m) point counts 
(Ralph et al. 1995) on Ichauwa!: the research and 
conservation landholding entrusted to the Joseph 
\ i :  Jones Ecological Research Center. Baker County. 
Georgia. I selected 60 sample sites where BACS 
m7eredetected during June 1999. I ~ ~ s e da differen-
tially corrected global positioning s!.stem (GPS) to 
locate the center of each srt~l~plestation and used 
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ARC/INFO (Environmental Systems Research Insti- 
tute, Inc. 2001) to place a 50-m buffer around these 
points. I treated the resulting circles as training 
sites to create a model to locate BACS habitat in the 
lower Flint River basin (FRB). Georgia. 

Satellite images 
I used 8 SPOT multispectral (MS) scenes (SPOT 

Image Corporation. Chantilly, Va.) covering the 
lower FRB for the remotely sensed data in this 
example. I purchased images obtained during leaf- 
off conditions (February) of 1999. I georegistered 
each scene using ground control points digitized 
from 7.5-minute United States Geologic Survey 
(USGS) topographic maps. After georegistration, I 
compiled scenes into a mosaic to form a continu- 
ous image and then clipped this image to create a 
single in~age containing only the lower FRB (Lille- 
sand and Kiefer 1994). I normalized the image (Hall 
et al. 1991) to account for differences among 
scenes and used the normalized image for model 
development. I performed all irnage processing 
using IMAGINE (ERDAS. Inc. 2001) image-process- 
ing software. 

I used 3 bands of data, 2 bands in the visible spec- 
trum and 1 band in the near-infrared spectrum. 
Thus, when treating each band as a variable. I had 3 
predictor variables available for model develop-
ment. Spatial resolution of SPOT MS images was 
approximately 20 x 20 m (Lillesand and Kiefer 
1994). 

Aiodel creation 
I calculated a mean vector and covariance matrix 

from reflectance values of pixels within training 
sites. I then calculated the Mahalanobis distance 
between this mean vector and the reflectance val- 
ues of each pixel in the lower FRB. Last, I derived 
P-values for each distance as an index of the proba- 
bilih of a pixel containing habitat similar to the 
habitat observed training sites. I used the super- 
vised classification tool in IIMAGINE (ERDAS. Inc. 
2001) to perform all calculations. 

I recoded P-values into 10 classes (0.0-0.1, 
0.1-0.2.. .0.9- 1.0). Because each pixel represented 
a 20 x 20-m area on the earth, an area too small to 
support BACS, 1 used a 5 x 5 majority filter to 
"smooth" the image. This filter resulted in a moving 
wi11dom7 that was 1 ha in size, representing approx- 
imately half of a typical BACS territory (Dunning 
1993). The center pixel within this 5 x 5 window 
was assigned the value associated with the majori- 

ty of the cells within this window (Image Inter- 
preter tool in IMAGINE: ERDhS. Inc. 2001). Thus, if 
the center pixel was classified as relatively poor 
habitat (i.e., had a low P-value) while surroundi~lg 
habitat was excellent (i.e., had a high P-value), this 
pixel would have been reclassified as excellent. 
Similarly, if the center pixel mras classified as excel- 
lent habitat while surroullding pixels were classed 
as poor, the center pixel would have reclassified as 
poor. I converted the resulting image from cells to 
polygons using the GRIDPOIS command in 
ARC/INFO (Environmental Systems Research Insti- 
tute, Inc. 2001). Each polygon contained the P-
value class assigned to the cells following the 5 x 5 
majority filter. 

I considered all polygons with P-values 4 . 5  as 
unsuitable. Further. because BACS are territorial 
during the breeding season and typically maintain 
territories of about 2 ha (Dunning 1993). I assumed 
that suitable BACS habitat must also be 22 ha. 
Therefore. I coded all polygons <2 ha as unsuitable. 
This model predicted that approximately 30,000 ha 
of BACS habitat existed in the lower FRB. These 
efforts resulted in a layer representing potential 
BACS habitat in the lower FRB, hereafter referred to 
as the Mahalanobis habitat model (MHM). 

Model testing 
One common problem with wildlife habitat mod- 

els is a lack of model validation using independent 
data (Marcot et al. 1984,Verbyla and Litvaitis 1989). 
To assess validity of the BACS model, I selected all 
polygons >50 ha classified as suitable BACS habitat. 
I set a minimum size of 50 ha to ensure the site 
could be located using a road map and there was a 
reasonable chance the site was large enough to sup- 
port a population of BACS. There were 58 patches 
throughout the basin that met the criteria for sam- 
pling as areas where BACS were predicted to occur, 
and these sites made up approximately 20%) of the 
total area classed as suitable within the basin. 
Twelve of these sites were >I00 ha. Because habi- 
tat occupancy is area-speciiic (SIacArthur and Wil- 
son 1967. Martin 1980, Blake and Karr 1987), I 
chose all 12 sites >100 ha and randomly chose an 
additional 12 sites ranging from 50-100 ha. I select- 
ed all sites such that no site was within 1 krn of 
another site where BACS were predicted to occur. 
This resulted in a selection of 24 sites where BACS 
were predicted to occur. 

I also estimated errors of omission (i.e.. deter- 
mined the percentage of sites where BACS 
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occurred but were predicted absent by MHM). A 
land-cover layer was developed for the lower FRB 
i~singthe 1999 SPOT satellite imagery This layer 
classified land cover into 9 categories: 1) cultivated 

. . or bare ground. 2) pasture. 3) shrub-scrub. 4) con~l-
erous. 5) mixed coniferous and deciduous. 6) decid-
uous. ') open water. 8) wetland, and 9) urban. 
Because much recent attention has been directed 
toward testing "silly" null hypotheses (Johns011 
1999, Anderson et al. 2001), I eliminated all land-
cover classes that were obviously unsuitable to 
BACS. Instead. I focused selection of sample sites 
only on those areas classed as either pine or 
shrub-scrub (Ilunning 1993). There were approxi-
matel!. 304.000 ha of pine ancl shrub-scrub habitat 
within the lo\ver FRB. I excluded sites that 
occurreci \vithin 250 nl of a site where BACS were 
predicted to occur by the MHhl and ratldoml!-
chose 24 of the remaining sites (all >I00 1x1) for 
e\.aluation efforts. I co~lsideredthis set of sites as 
representing a sitnple habitat model (SHM) for 
determining presence of BLCS. Because the SHM 
exclucted obviously unsuitable habitats. I expected 
errors of on~issionin the MH5I to be liberal (i.e..I 
expected greater errors of omissiotl because obvi-
ously unsuitable habitats were una\-ailable for eval-
uation). 

I visited all sites between 1' May and 23 June 
200 1. I ensured that all sampling for BACS presence 
occurred between dawn and 1,000hrs. during peri-
ocls -,it11 wind speed <8 km/hr and periods with-
out precipit:~tion. lJpon arriving at a sample site. I 
listened for 10 min for BACS. If BACS were not 
detected during this initial listening phase. I played 
:i t:ipe recording of a BACS for 1 min and then lis-
tened fix a response for 2 mi~lutes(Johnson et al. 
1981). I deter~ninedpresence of BACS by visual or 
auditor)-detection during the monitoring period. If 
HAC:S were not detected. I co~lsideredthem absent 
from the site. I made no effort to count singing 
birds. 

I treated percentage of MHM sites with no BACS 
detections as an estirnate of the error of commis-
sion and percentage of SHM sites with BACS pres-
ent as an estimate of the error of omission. I used 
2 x 2 contingent!- table and a x2 test to determine 
whether presence of BACS was independent of 
h1HM ancl SHR.1sites (Zar 1996). I calculated kappa 
(Lillesand 2nd Kiefer 1994) as a measure of the 
AIHM performance relative to the SHM. Because 
nlost habitat nlodels are compared against null (i.e.. 
random) models during the validation process 

(e.g.. site ). I interpreted the results of the x2 test 
and the kappa estimate as being conservative rela-
tive to values that would have been obtained from 
a comparison of MHM to a null model. 

Test results 
I detected BACS at 1- of the 24 MI-Ihl sites (error 

of commission=29.2%).and at 'of 24 SHM sites 
(error of omission=29.2%). Presence of BACS was 
depe~ldent(xf=8.33,P<0.01)  on tnodel predic-
tions. Kappa was 0.42, indicating that MHM pre-
dictions n-ere 12%better than SHM predictions. 

Discussion and management 
implications 

Lsing satellite imagery to de\-elop a model of 
species occurrence is limited to special applica-
tions. If a goal of model development is to better 
understand the habitat requiren~entsof a species 
(Kopp et al. 1998. Miller et al. 2000). the approach 
suggested here is not appropriate. HomTever,if the 
goal of the modeling effort is to identifi sites where 
a species might occur (Scott et al. 1993). develop-
ing models from unclassified imager). could be ben-
eficial. 

Success of an image-based approach to locate iso-
lated populations will be based on several factors. 
First, the species of interest should be a habitat spe-
cialist. If the species is a habitat gener;ilist. repre-
sentative sites used to dewlop the model will have 
pixels with great variability in rel'1ect:lnce as a 
result of the variation among suitable habitat patch-
es. This will result in many patches being classified 
as suitable. Although such a model might indeed be 
correct, it would be of little use because it would 
predict a ubiquitous distribution of the species. 
However, this is an unlikely problem because locat-
ing populations of a habitat generalist is usuall). of 
little conservation concern. 

Second, spatial resolution associated with animal 
needs and spatial resolution of satellite imagery 
sho~ildbe reconciled. Habitat suit;~bilityis influ-
enced by habitat area (MacArthur andWilson 196'. 
Martin 1980. Blake and Karr 198'). For most 
m7ildlife species. the spatial resolution of satellite 
imagery is likely greater than needed (e.g., few-
wildlife populations can persist in ;I 30 x 30-m 
area). This requires the biologist to determine a 
nlinimurn releva~lthabitat block and thus rely on 
~ublishedinformation and experience to deter-
mine the minimum area deemed suitable. One 
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possible solution to this issue is to assess model 
validity on the largest blocks available and then 
attempt to determine the relationship between 
area and habitat occupancy. 

Third, the estimation of a mean vector and 
covariance matrix from the reflectance values 
requires sites where the species of interest is 
known to occur (Clark et al. 1993). In the absence 
of such sites. biologists must rely on published 
information and experience, necessitating a more 
traditional approach to the modeling process (e.g.. 
using land-use classification and natural history of 
the species). In some cases. however, it may be pos- 
sible to use historic data on species presence in 
conjunction with historic satellite data to develop a 
reasonable model. Unfortunately, this latter 
approach could be profoundly affected by land-use 
changes occurring after image acquisition. 

Finally. habitat features of importance must be 
visible from above. For example, if a species 
requires habitat features that exist entirely under- 
neath a dense vegetation canop); a satellite image 
would be unable to detect such features. In this 
case, the modeling approach suggested here could 
at best be expected to locate dense canop): which 
could be of little discriminatory value. 

As with all modeling efforts, habitat models 
based on satellite imagery should be evaluated 
before they are implemented (Marcot et al. 1984). 
This evaluation is relatively simple when the 
species of interest is not particularly rare, as was 
the case with BACS. However, a model developed 
for an endangered species might perform well, yet 
test results could indicate poor performance 
because the species was lost from that particular 
area. When a species is too rare for proper model 
evaluation. biologists will be forced to compare 
vegetation at training sites to vegetation at predict- 
ed sites to evaluate the model. 

The application of the model to BACS within the 
lower FRB provided an example of potential advan- 
tages of this approach over developing a typical 
land-cover classification and using habitat associa- 
tion to identify isolated populations. Model valida- 
tion results indicated that MHM correctly predicted 
BACS presence in 71% of cases. Moreover, the 
model suggested that only 10'X of the pine and 
shrub-scrub habitats (i.e., 30.000 ha predicted suit- 
able of 304,000 ha of pine or shrub-scrub as iden- 
tified in the SHM) within the lower FRB represent- 
ed suitable BACS habitat. Thus, greater monitoring 
effort would have been expended in unproductive 

habitats if a traditional land-cover classification had 
been used to create a simple habitat association 
model for BACS. 
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