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Stratifying land use/land cover for spatial analysis of disease
ecology and risk: an example using object-based classifica-
tion techniques

David E. Koch, Rhett L. Mohler, Douglas G. Goodin
Department of Geography, Kansas State University, Manhbattan, KS 66506-2904, USA

Abstract. Landscape epidemiology has made significant strides recently, driven in part by increasing availability of land
cover data derived from remotely-sensed imagery. Using an example from a study of land cover effects on hantavirus
dynamics at an Atlantic Forest site in eastern Paraguay, we demonstrate how automated classification methods can be
used to stratify remotely-sensed land cover for studies of infectious disease dynamics. For this application, it was nec-
essary to develop a scheme that could yield both land cover and land use data from the same classification.
Hypothesizing that automated discrimination between classes would be more accurate using an object-based method
compared to a per-pixel method, we used a single Landsat Enhanced Thematic Mapper+ (ETM+) image to classify land
cover into eight classes using both per-pixel and object-based classification algorithms. Our results show that the object-
based method achieves 84 % overall accuracy, compared to only 43% using the per-pixel method. Producer’s and user’s
accuracies for the object-based map were higher for every class compared to the per-pixel classification. The Kappa sta-
tistic was also significantly higher for the object-based classification. These results show the importance of using image
information from domains beyond the spectral domain, and also illustrate the importance of object-based techniques
for remote sensing applications in epidemiological studies.
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(Beck et al., 2000), and has been especially effec-
tive for analysis of a number of vector-borne and
zoonotic diseases with environmental co-factors.
Some of these

Introduction

Landscape epidemiology is grounded in the

notion that disease occurs in spatial patterns aris- diseases include malaria

ing from underlying variation in environmental
conditions (physical or biological) that can be
delimited on maps (Pavlovsky, 1966; Ostfeld et
al., 2005). Geospatial analysis technologies such
as remote sensing (RS) and geographical informa-
tion systems (GIS) provide tools for gathering and
analyzing these spatial data across a wide spec-
trum of spatial scales. RS has been applied to a
variety of landscape epidemiological studies
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(Mushinzimana et al., 2006), Lyme disease
(Brownstein et al., 2005), Chagas disease (Kitron
et al., 2006), West Nile fever (Rogers et al., 2002),
hantavirus pulmonary syndrome (Glass et al.,
2000), Ebola Hemorrhagic fever (Pinzon et al.,
2004), and Rift Valley fever (Linthicum et al.,
1987; Martin et al., 2007). Curran et al. (2000)
noted that one of the principal advantages of
satellite RS for analyzing disease-related environ-
mental factors was the capability for rapid and
repetitive collection of information, even from
remote or inaccessible places. This capability for
generating a dense, repetitive spatio-temporal
data stream has led a number of researchers to
explore the use of satellite imagery as a funda-
mental data source for disease risk maps, which
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incorporate vector distribution and landscape ele-
ments into a spatial model of disease occurrence
probability (Glass et al., 2006). Although these
forecast models are still being developed, they
offer promise as tools for mitigating environmen-
tal health risks.

Retrieval of land use/land cover information is a
common application of RS. Within landscape epi-
demiology, this type of information is frequently
used to identify and map vector or host habitat
(Kazmi and Usery, 2001). Most classification
schemes are based on clustering of individual pixels
in spectral feature space, however this approach
ignores the spatial and geometric information inher-
ent in imagery, which can be useful for correctly
identifying cover type. Object-based classification
techniques (Jansen and van Amsterdam, 1991) pro-
vide an alternative means of mapping land cover or
habitat type useful for studying landscape influences
on disease process. These techniques differ from per-
pixel approaches in that they first segment the image
into homogeneous regions (“objects”), which then
become the units of analysis and classification.
Object-based methods are sensitive to both the spec-
tral and geometric properties of the imagery, and
are thus appropriate methods for use when mapping
land cover classes where the discriminating charac-
teristics of the class may include the shape and size
of homogenous polygons within the scene (Jansen
and van Amsterdam, 1991; Lobo et al., 1996).

In this paper, we present an example of object-
based classification applied to deriving spatial infor-
mation for disease ecology and risk mapping.

Object-based classification example: hantavirus in
Paraguay

Hantaviruses are zoonotic RNA viruses hosted by
rodents of the Sigmadontinae subfamily. There are
numerous subspecies or strains of hantavirus, each
associated with a particular rodent host species. In
the western hemisphere, the virus causes hantavirus
pulmonary syndrome (HPS), an acute cardiopul-
monary disease fatal in about 30-50% of all cases

(Schmaljohn and Hijelle, 1997). Since emerging in
Paraguay in 1995 (Williams et al., 1997), han-
taviruses have been shown to be endemic through-
out Paraguay, including the eastern Atlantic Forest
area where this research was conducted (Chu et al.,
2006). Managing the impacts of HPS outbreaks can
be a significant public health problem, particularly
in a less-developed country like Paraguay that lacks
extensive medical infrastructure. Better understand-
ing of the ecology of hantavirus and the rodents that
carry it could lead to improved surveillance efforts
and ultimately to prevention of the disease.

Risk of HPS infection in a human population is
dependent on the probability of encountering trans-
missible virus from an infected host. From a land-
scape perspective, this is determined by the distri-
bution of the host rodent population and the
human population on the landscape. Both of these
depend to some degree on land use and land cover,
although the exact nature of the relationship
between host, landscape, and human population
varies. The analysis presented here is a component
of a multidisciplinary investigation of the role of
land cover in the ecology of hantavirus dynamics.
Addressing the major hypothesis of this research
project, that human land cover disturbance is asso-
ciated with increased occurrence of hantavirus in
both rodents and humans (Goodin et al., 2006),
presents challenges to the use of RS for mapping
landscape epidemiological factors, since both land
cover and land use must be extracted from a single
classification. Foremost among these challenges is
separation of land clearing associated with various
forms of agriculture.

Agriculture (including pasturing) in the study site
typically comes in two forms, one associated with
large-scale commercial activity, the other character-
istic of smaller scale production by small land hold-
ers. Differentiating large from small-scale agricul-
ture using image data is challenging. Typically,
large-scale agriculture results in very large cleared
fields (100s - 1000s of ha), often with regular, rec-
tangular borders (Fig. 1). In contrast, small-holder
agriculturists typically clear parcels of 10-20 ha on
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which they practice a mixture of subsistence and mar-
ket crop production. These parcels are often located
in groups along roads with some remnant forest sep-
arating them, resulting in the characteristic “piano
key” or “fishbone” deforestation pattern observed
throughout the tropics (see Fig. 1; Skole and Tucker,
1993). In areas where fields are longer established,
several smallholdings often coalesce into a larger
cleared area, resembling large-holder clearing.

The importance of separating the two types lies in
the very different settlement and population pat-
terns associated with each. Typically, large-scale
agricultural parcels are not densely populated,
whereas each smallholder parcel is usually occupied
by a tenant family, often of 10 or 12 related persons.
Smallholder agricultural areas also contain settle-
ments consisting of concentrations of dwellings with
a few businesses interspersed. Thus, concentrated
areas of smallholdings are relatively densely popu-
lated, compared to their surrounding land uses.

Both the large and small-scale agricultural cover
types are spectrally similar to one another, in fact
they are essentially the same land cover, although
not the same land use. In the study area, these two
agricultural land use types also tend to be inter-
spersed, producing a complex surface mosaic where
discriminating characteristics are frequently geomet-
ric, rather than spectral (see Fig. 1). The complex
nature of this surface cover mosaic suggests the use
of an object-based classification approach for con-
structing a map suitable for analyzing the spatial
relationships between the hantavirus host popula-
tion and the human population.

Materials and methods
Study area

This research was conducted at a site within the
Reserva Natural Bosque Mbaracaya (RNBM), an

Kilometers

Fig. 1. Portion of an ETM+ false color composite (Bands 4, 3, 2) showing large-scale agricultural clearance (left panel) and
small-scale agricultural clearing (right panel). Both of these land uses have similar land cover, hence similar spectral reflectance.
The two types can be discriminated by their geometric properties. Note the characteristic “fish-bone” clearing pattern associ-

ated with small-scale agriculture.
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ecological reserve located within the Parafid-Paraiba
subtype of the Interior Atlantic Forest (Fig. 2).
Although the RNBM is a biosphere reserve, it is not
all protected land. Within the reserve there are a
number of inhabited areas, included indigenous set-
tlements (Ache, Guarani), rural Paraguayan com-
munities, and immigrants (mostly from Brazil). The
reserve contains an inner core dominated by one
large forest fragment (the largest extant Interior
Atlantic Forest fragment in Paraguay, see Fig. 2).
Forest conversion is illegal in this area. Throughout
the rest of the study area, active forest conversion
occurs, typically near the various inhabited areas.
This conversion is primarily of forested land to agri-
culture (crop or pasture), interspersed by smaller

y . K 2 ,)‘

0 10

Kilometers

A

Fig. 2. The study site in the Interior Atlantic forest, eastern
Paraguay.
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forest remnants. The study area also contains large
areas of cerrado, natural savannas maintained by
fire (dry cerrado) or water (wet cerrado). Cerrados
are characterized by grasses, woody shrubs and
palms. Some cerrado has been converted to pasture
or cropland (Sarmiento, 1983).

Data

Classifications were performed on a Landsat
ETM+ image acquired on 28 February 2003 (path
225/row 77). This image was collected prior to the
failure of the ETM+ scan line corrector (Howard
and Lacasse, 2004). Data were prepared for analy-
sis by subsetting the study area from the full scene
and georectifying it to the Universal Transverse
Mercator (UTM) grid (zone 21S) using 1%%-order
polynomial (Richards and Jia, 1999) with control
points derived from in-situ survey and examination
of Quickbird high resolution satellite imagery. Total
RMS error for the georectification was less than 1.0.
To insure that the Quickbird imagery was itself spa-
tially accurate, a number of points from these
images were compared to ground points with
known coordinates. There was close agreement
between these comparison points. Nearest neigh-
bour re-sampling was used to estimate new pixel
brightness values. Following the recommendation of
Song et al. (2001) raw pixel digital numbers were
corrected for atmospheric backscatter using the
IDOS model (Chavez, 1988), assuming an
Angstrom exponent of 2 (Igbal, 1983).

Classification scheme

Because of the specialized nature of this classifica-
tion, it was necessary to develop a classification
scheme where the classes included aspects of both
land use and land cover. Classification categories
needed to convey meaningful information about
rodent habitat, while at the same time being inter-
pretable in terms of human land use and the presence
of human inhabitants. We therefore adopted a hybrid
classification scheme in which cover classes were



D.E. Koch et al. - Geospatial Health 2(1), 2007, pp. 15-28 19

defined in terms of both land use and land cover. The
eight classes in the classification scheme were deter-
mined from a number of sources including previous
land cover classifications (Naidoo and Hill, 2006),
on-site observations, and expert opinions from
researchers and others familiar with the study area.

Our classification lacks some of the detail of
other classifications of this area (e.g. Burgos and
Rodas, 2001; Naidoo and Hill, 2006). Unlike these
classifications, we chose to represent the forest by
only two classes, labeled “Forest” and “Disturbed
forest”. These simplified forest categories better
suited the known habitat preferences of hantavirus
host rodents in the area, especially Akodon mon-
tensis and Oligoryzomys fornesi (Nitikman and
Mares, 1987; Emmons and Feer, 1990; Gentile and
D’Andrea, 2000; Figueiredo and Fernandez, 2004).
Non-forest classes were defined by a combination of
disturbance history (selective logging) and vegeta-
tion. Cerrado was divided into two classes, wet and
dry. Wet cerrado tends to occur in low-lying and
riparian areas with persistently wet soil. It is char-
acterized by natural open (non-forested) cover dom-
inated by a mix of native and invasive/introduced
grasses and woody plants. Dry cerrado is found in
areas where fire is used as a management tool.
Typical vegetation on the dry cerrado included
woody plants, palms, and fire-tolerant grasses and
forbs. Pasture areas were also dominated by native
and introduced grasses, but in areas cleared of their
original cover. Dry pasture was found in cleared for-
est areas. Wet pasture consisted of wet cerrado man-
aged for cattle. Agricultural areas are dominated by
a variety of cultivated crops, generally grown on
cleared forest land. Crops vary depending on culti-
vation type. Market crops dominate on large hold-
ings, while a diverse mix of subsistence and market
crops are grown in smallholder parcels. The classes
are summarized in Table 1.

Classification methodology

The goal of this study was to evaluate object-based
classification strategies for extracting the land cover

classes described in Table 1. We performed this eval-
uation by comparing object-based against per-pixel
classification. We chose one approach for each of the
two classification strategies. For the per-pixel classi-
fication, we used a supervised, maximum likelihood
classification algorithm (Richards and Jia, 1999),
implemented in the ENVI software package, version
4.2. The maximum likelihood algorithm works by
developing a set of membership probability func-
tions for each class using training data selected from
the imagery. These membership probabilities are
based on proximity between classes in N-dimensional
feature space, where N is the number of spectral fea-
tures used in the classification. Because only spectral
information is used to develop the discriminant func-
tions, the maximum likelihood algorithm is restrict-
ed to using spectral reflectance information as crite-
ria for discriminating between classes. Training site
selection was guided by ground truth obtained from
two visits to the study site (October 2002 and June
2005), together with inspection of high resolution
satellite data. Training data were gathered from a
number of sites for each cover class. To avoid mixed
training pixels, we were careful to avoid transitional
or edge areas when selecting samples from the train-
ing sites. Because the maximum likelihood algorithm
is sensitive to non-normally distributed training data,
we selected a minimum of 800 training pixels for
each cover category. Prior to classification, we used
the transformed divergence index (TDI, see Jensen,
1995) to determine the optimum spectral features for
classification. Based on the results of TDI, we used
ETM+ bands 1, 3, 4 and 6 to classify the image.
Results of this initial classification were improved by
application of a 3 x 3 majority filter to reduce or
eliminate random pixel classification errors and
noise (Gurney and Townshend, 1983). The resulting
classification map is shown in Figure 3.

Our implementation of object-based classification
was a two-step process. In the first or segmentation
step, spatial objects were formed. Objects are
defined as groups of adjacent pixels treated as a sin-
gle entity (Hay et al., 2001). Each object is com-
posed of similar pixel values and possesses intrinsic



20

Table 1. Description of land use/land cover categories.
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Class Dominant land cover Primary land use Characteristics
Forest Trees from the Leguminosae,  Indigenous Dense forest with little or no
Lauraceae and Myrtaceae hunting/gatheringt evidence of human

Forest-disturbed

Cerrado-wet

Cerrado-dry

Agricultural-smallholder

Agricultural-largeholder

Pasture-wet

Pasture-dry

families

Trees from the Leguminosae,
Lauraceae and Myrtaceae
families

Andropogon spp., Xyris
jupucai, Rhynchospora spp.,
Axonopus spp.

Butia paraguayensis,
Rhynchospora spp.,

Paspalum plicatum,

Andropogon spp.

Mixed market and
subsistence crops.
Manihot esculenta, Zea
mays, Gossypium spp.,
Citrus spp., Andropogon
spp., Paspalum spp.

Market crops. Glycine max,
Triticum spp.

Xyris jupicai, Rhynchospora
spp., Andropogon spp.,
Paspalum spp.

Paspalum spp., Andropogon
spp., Rhynchospora spp.

Logging, indigenous and
Paraguayan farmer
hunting/gatheringt

Large animal grazing

Large animal grazing

Subsistence and small-scale
commercial agriculture. May
include some small/large
animal grazing

Commercial agriculture

Livestock grazing

Livestock grazing

disturbance. No permanent
habitation.

Forest with visible evidence
of human disturbance, often
selective logging.
Disturbance is not
necessarily recent. Often
characterized by more open
canopy and more dense
understory. No permanent
habitation.

Natural clearing. Occurs
along drainages, riparian
areas and forest edges with
persistently wet soils. Little
habitation.

Natural clearing, but occurs
on drier soils. Little
habitation.

Mixed crop agriculture
characterized by small,
cultivated parcels (<20 ha is
typical), usually cleared from
forest. Often interdigitated
with forest remnant,
producing a 'piano-key'
appearance. Typically
occupied by land owner
family, resulting in higher
population density.

Monoculture cropland.
Crops can vary with season.
Typically very large,
regularly shaped fields
formed by clearing forest.

Large, regularly shaped
parcels located on wetter
soils or in riparian areas.

Large, regularly shaped
parcels cleared from forest,
located on drier soils.

t=see Naidoo and Hill, 2006
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size, shape and relationship to the overall image
topology (Yu et al., 2006). Objects were segmented
using the fractal net evolution approach (FNEA) as
implemented in the eCognition software, v4.2
(Baatz et al., 2004). FNEA uses a bottom-up
method for building scene objects, where each
object begins with a single pixel. Objects are merged
pair wise, using a merging criteria that minimizes
size-weighted object heterogeneity, where hetero-
geneity is defined in terms of both object spectral
and geometric properties (Benz et al., 2004). The
segmentation algorithm depends on a set of user-
defined parameters that control the scale, shape fac-
tor and compactness of the resulting objects. The
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" Disturbed forest Wet pasture Kilometers
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Fig. 3. Classified map of the study site derived from a per-
pixel algorithm.

values that yielded an optimal segmentation were: a
scale parameter of 16, shape factor of 0.1 and com-
pactness/smoothness ratio of 0.5/0.5.

In the second step, objects were sorted into class-
es. Each object in the segmented image is described
by a number of spectral, geometric and textural fea-
tures, any or all of which can be used in the classifi-
cation. We used the mean object spectral value and
standard deviations for ETM+ bands 1-5 and 7
(minus the thermal band) to capture the magnitude
and heterogeneity of reflectance in the data.

In addition, we used the dissimilarity and stan-
dard deviation values derived from the grey-level co-
occurrence matrix (GLCM) for each input band as

CLASS [0 Large Ag N

[ Drycerrade [ Small Ag 0 10

B et cerrado Drypasture | | A
Disturbed forest Wet pasture Kilometers

I Forest Il Unclassified

Fig. 4. Classified map of the study site derived from a object-
based algorithm.
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metrics for object texture (Haralick and
Shanmugam, 1974). Object shapes were character-
ized using the area and asymmetry metrics (Baatz et
al., 2004). These metrics were submitted to a mini-
mum distance decision algorithm with fuzzy class
boundaries. Class boundaries were hardened by
assignment of the object to the most probable class,
except in cases where one or more classes were near-
ly equally likely. In these cases, a proximity algo-
rithm was used to harden the classification based on
contextual criteria.

Accuracy assessment

Accuracy assessment was done in similar ways for
each of the two classifications. Validation sites were
selected by proportional stratified random sampling
from the classified image (Beyer, 2004). For the per-
pixel classification, validation pixels were selected
randomly from within the area of the objects select-
ed for validating the object-based classification.
Sites in which the cover type could not be identified
by either field data or high resolution imagery were
eliminated, resulting in a sample of 632 validation
pixels from the per-pixel classification, and 227
objects from the object-based map. For the object-
based classification, accuracy assessment was per-
formed on a per-object basis. Overall numbers of
validation samples in the object-based classification
were smaller, since segmentation results in fewer
objects within the scene.

Validation objects and pixels were evaluated for
correctness, and the results were tabulated into
error matrices for each of the classifications (Tables
2 and 3). A number of quantitative accuracy metrics
were computed from these error matrices. These
metrics included total accuracy, the ratio of correct-
ly classified pixels to total validation samples, as
well as the producer (Type I) and user (Type II)
accuracies for each cover class (Jensen, 1995). In
addition, we calculated Cohen’s Kappa statistic
(Cohen, 1960; Congalton and Mead, 1983), an
index of improvement of the classification com-
pared to random pixel assignment. As an accuracy

metric, Cohen’s Kappa has the added benefit that
two values can be compared for statistical difference
using a test based in the z-statistic (Congalton and
Mead, 1983).

Results and discussion

Comparison of the classification show the clear
superiority of the object-based method for the cur-
rent application. Examination of the classified maps
(Figs. 3 and 4) show similar overall pattern, but the
map resulting from per-pixel classification is much
noisier and the regions associated with the various
classes are poorly defined. Quantitative results con-
firm these observations (Tables 2 and 3). The object-
based classification correctly classified 84% of scene
objects into the correct class, whereas only 43% of
pixels in the per-pixel classification were correct.
Quantitative comparison confirms that the Kappa
statistic for the object-based classification is signifi-
cantly higher than that of the per-pixel classification
(z = 58.6, p <0.001). Despite the obvious difference
between the two methods, it is instructive to look at
the classifications in more detail.

Both classification strategies showed the greatest
agreement in the forest classes, particularly in the
Forest class. User’s accuracy (equivalent to Type I sta-
tistical error) is identical for the “Forest” categories
in the two classifications, with 82% of pixels or
objects correctly classified. This agreement suggests
that discriminating this class of forest cover must
depend primarily on spectral criteria, since the per-
pixel classification is insensitive to any other aspect of
the data. Although the User’s accuracy for the two
classification maps is the same, there is still a valid
argument for preferring the object-based classifica-
tion. In the object-based classification, all of the mis-
classified objects were from the “Disturbed forest”
class. In the pixel-based classification, only 6 of the
16 confused pixels were from the similar “Disturbed
forest” class. The other 10 misclassified pixels were
from a less similar agricultural class. Producer’s accu-
racy (i.e. Type II statistical error) for the “Forest”
class was also somewhat better for the object-based
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Table 2. Accuracy assessment for per-pixel based classification.

Reference class

Map class Forest Forest- Cerrado- Cerrado- Agricultural- Agricultural- Pasture- Pasture- Total User’s
disturbed wet dry largeholder ~ smallholder — wet dry accuracy
Forest 71 6 10 0.82
Forest-disturbed 8 33 9 37 12 87 0.42
Cerrado-wet 4 15 20 2 20 79 0.25
Cerrado-dry 5 16 27 7 14 61 0.21
Agricultural 10 6 4 4 64 19 2 1 75 0.66
largeholder
Agricultural- 8 4 4 9 40 18 3 1 128 0.28
smallholder
Pasture-wet 1 N 21 25 3 1 90 0.06
Pasture-dry 4 15 11 10 1 22 49 0.35
Total 102 49 46 44 230 93 29 39 64
Producer’s 0.70  0.67 0.33 0.36 0.37 0.27 0.10 0.56
accuracy

Overall accuracy = 0.43
Kappa = 0.32

Table 3. Accuracy assessment for object-based classification.

Reference class

Map Class Forest Forest- Cerrado- Cerrado- Agricultural- Agricultural- Pasture- Pasture- Total User’s
disturbed wet dry largeholder  smallholder — wet dry accuracy

Forest 27 6 33 0.82

Forest-disturbed 4 28 32 0.88

Cerrado-wet 11 1 2 14 0.79

Cerrado-dry 1 20 2 4 27 0.74

Agricultural 2 42 3 1 1 49 0.86

largeholder

Agricultural- 17 1 18 0.94

smallholder

Pasture-wet 1 1 20 1 23 0.87

Pasture-dry 4 1 1 1 22 29 0.81

Total 32 35 12 33 46 24 23 29

Producer’s 0.84  0.80 0.92 0.91 0.91 0.71 0.87 0.76

accuracy

Overall accuracy = 0.84
Kappa = 0.81
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classification, and once again the confusion was
almost entirely between objects from the forest cate-
gories. In contrast, only 70% of “Forest” pixels in the
image were classified as such by the maximum likeli-
hood algorithm, and the remaining 30% of pixels
were confused with a number of classes.

The “Disturbed forest” category was even more
accurately classified by the object-oriented method,
compared to the per-pixel approach. The low User’s
accuracy for the per-pixel classification (42 %) result-
ed mainly from a large number of agricultural pixels
(both largeholder and smallholder) being misclassi-
fied as “Disturbed forest”. In contrast, the corre-
sponding User’s accuracy of the object-based classifi-
cation is 88%, with all of the confused pixels belong-
ing to the “Forest” class. Spectral confusion between
“Disturbed forest” and some agricultural pixels is
not as surprising as it may appear at first glance.
Much of the agricultural land in the study site is
recently converted forest, and often the boundaries
between forest and agricultural field are indistinct,
especially at the resolution of ETM+ data. In addi-
tion, the crop grown on the larger commercial fields
is often manioc, a tuberous crop whose aboveground
components are woody shrubs spectrally similar to
some secondary forest growth in the “Disturbed for-
est” areas. Given the limitation on the available spec-
tral feature space inherent in ETM+ bands, it is not
surprising that these dissimilar land cover/land use
classes might be spectrally confused.

Unlike all other non-forest classes, the two
Cerrado cover types are not the result of deforesta-
tion. They are spectrally similar to the pasture and
agricultural classes, but lack the regular geometric
edges characteristic of deforestation and are hetero-
geneous at different spatial scales than pasture.
These differences in heterogeneity and geometry
can be incorporated into an object-based classifica-
tion rule. In fact, the object-oriented method sub-
stantially outperformed the per-pixel method in
classifying both the “Wet” and “Dry cerrado”
types. In terms of User’s accuracy, the maximum
likelihood decision rule was unable to discriminate
between “Dry cerrado” and “Dry pasture” or

either of the agricultural classes. The “Wet cerra-
do” class also showed considerable confusion with
Largescale agriculture and “Wet pasture”. There
was comparatively little confusion between the two
cerrado types. Producer’s accuracies for the
Cerrado classes were slightly better, although still
low. “Wet cerrado” showed more interclass confu-
sion in Producer’s accuracy than it did in User’s,
with confused pixels in every category but “Closed
forest”. “Dry cerrado” was mostly misclassified as
“Dry pasture”, but also showed confusion with the
agricultural classes.

In terms of User’s accuracy, the pattern of cate-
gorical confusion in the object-based classification
of cerrado was similar to that of the per-pixel clas-
sification, although the overall accuracy was much
higher. Like the per-pixel classification, most of the
error associated with the cerrado classes resulted
from confusion with the agricultural and pasture
classes. The Producer’s accuracies for the two cer-
rado classes were the highest of any of the cover
classes. Error in producer’s accuracy for “Wet cer-
rado” was entirely accounted for by a single object
misclassified as “Dry cerrado”. “Wet cerrado”
showed some Producer’s error due to confusion
with pasture and agriculture, but the overall accu-
racies still exceeded 90%.

The maximum likelihood method showed almost
no ability to discriminate “Wet pasture” pixels from
most other types. Only three of the reference pixels
classified as “Wet pasture” were placed in the correct
category, resulting in an User’s accuracy of only 6%.
Producer’s accuracy was only 10%, with most of the
inaccuracy resulting from confusion with the “Wet
cerrado” class. In contrast, the User’s and Producer’s
accuracies for the object-oriented classification of
“Wet pasture” were both 87%. The marked differ-
ence in results between the two classification strate-
gies for “Wet pasture” illustrates the main advantage
of the object-based methods for discriminating class-
es in a landscape like the one considered here. “Dry
pasture” was also more accurately classified using
the object-based method. Per-pixel classification
resulted in a map where “Dry pasture” was fre-
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quently confused with agriculture land use and “Dry
cerrado”. This confusion results from the spectral
similarity of these cover types. As was the case with
“Wet pasture”, the object-based classification strate-
gy accounted for the shape and geometry of the “Dry
pasture” polygons, and was therefore able to classi-
fy them with much greater accuracy.

Pasture land is defined here as resulting from
human disturbance (see Table 1), created primarily
by clearing forest. This clearing results in a geome-
try characterized by straight, abrupt edges along
boundaries. The segmentation process used here is
sensitive to this geometry, resulting in objects whose
shape is diagnostic of pasture land. In addition, the
ability of the fuzzy decision rule to take into account
shape-based variables results in a much more pow-
erful set of discriminant rules, which is reflected in
higher classification accuracies.

Accurate classification of the agriculture cate-
gories is particularly important to the research proj-
ect for which this classification is intended. This is
especially true for the small-scale agriculture class,
because the majority of the human population in the
study area is found within this class. “Smallholder
agriculture” classification using the per-pixel
approach was almost equally inaccurate from both
the Producer’s and User’s perspective. An indicator
of the inability of the maximum likelihood algo-
rithm to discriminate between these classes is the
fact that small-scale agriculture was, to some
degree, confused with every other class. The confu-
sion was greatest between large and small-scale agri-
culture, which is not surprising given the spectral
similarity of the vegetation cover in the fields, but
the confusion with other classes once again illus-
trates the basic shortcoming of over reliance on clus-
tering in spectral feature space to differentiate class-
es. “Smallholder agriculture” is fairly easy to visual-
ly distinguish on the imagery (see Fig. 1), due main-
ly to shape and texture clues resulting from the jux-
taposition of small polygons of cleared and
uncleared land. The spatial intensity and small-scale
of these parcels suggests that they are represented on
the image by many mixed pixels, which would tend

to plot into the margins of the class clouds in spec-
tral feature space, confusing even a powerful classi-
fication algorithm like maximum likelihood. The
additional information provided by the shape and
texture of spatial objects allowed the automated
classification algorithm to use the sort of informa-
tion that a human classifier would use to discrimi-
nate these classes.

For the per-pixel classification, User’s accuracy for
the large-scale agriculture category is second only to
the “Forest” class. Most of the confusion is with
small-scale agriculture, as expected given the spec-
tral similarities of the crops. Large-scale agriculture
did not fare as well in Producer’s accuracy, where it
showed some confusion with every class. Although
the per-pixel classification strategy was marginally
more successful in discriminating large-scale agri-
culture pixels compared to the other classes, it was
much less successful that the object based technique,
for many of the same reasons already discussed with
respect to other anthropogenic classes. The ability
of the object-based method to use geometrical as
well as spectral information to separate classes was
the key to its superior performance.

Conclusions

The results reported here clearly show the superi-
ority of the object-oriented technique for this land
use/land cover application. Despite basing the entire
classification on a single image, we were able to
achieve an overall classification accuracy of 84%,
with some individual classes being classified even
more accurately. This value is comparable to other
classifications for this region (Huang et al., 2007),
which were achieved using integrative per-pixel
methods and manual interpretation applied to mul-
tidate imagery and a simpler classification scheme.
Our classification was achieved from a single image
with all classes determined from one application of
the classification algorithm. Some experimentation
was necessary to determine the optimal parameters
for the object-based classification, but successive
classifications could use this same set of parameters,
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simplifying the process of repeating this classifica-
tion. It is likely that results could be improved even
further by applying them to multidate imagery.

Use of satellite-derived land cover maps is an
increasingly important component of landscape epi-
demiological studies of infectious disease. As we
have illustrated here, mapping land cover for disease
analysis often require conceptualizing land use and
land cover in an unusual way, which can complicate
the process of extracting useful information from
satellite data. Object-based classification methods
have certainly proved useful in this particular appli-
cation, and might be well-applied to other, similar
problems in land cover mapping. These methods are
an increasingly important component of the ‘tool-
kit> of any researcher using RS data. Application of
these advanced classification algorithms in disease
or health-related studies is a potential area of col-
laboration between epidemiologists, disease ecolo-
gists and RS scientists.
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