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1. Introduction and Summary

This prospectus draws upon three innovative and integrative concepts and tools which
together will provide the next generation of ecosystem health assessments at regional
scales. Thefirst liesin the concept of ecosystem health, which integrates across the
social, natural, physical and health sciences and provides the basis for comprehensive
assessments of regional environments. The second lies in the innovative stochastic
technique for representing human disturbance and ecosystem response on the landscape.
The third lies in representation of the spatial biocomplexity of landscapes through the
application of echelon analysis to environmental assessment. This proposal shows how
the integration of these three recent advances will provide powerful means of assessing
environmental conditions at the watershed scales.

Human induced stressors affect biological and environmental processes along pathways
with complex feedbacks whereby cumulative effects progressively impair the capacity of
ecosystems to provide life support services essential to humanity. This complex of
impairment constitutes ecosystem distress syndrome (EDS). Biocomplexity of EDS
manifests itself through a wide variety of characteristics such as primary productivity,
biodiversity, habitat suitability, ecological integrity, resilience, fragility, vulnerability,
resistance, etc. The question of interest then is to study multidimensional biocomplexity
dynamics of EDS through spatial organization and temporal behavior of measures of
these characteristics.In order to make ecosystem health assessments effective,
expressions of EDS must be captured rapidly, comprehensively, and economically which
requires utilization of advanced remote sensing capabilities in conjunction with other
available geospatial databases. These enormous data streams must be addressed by
advanced stochastic modeling and innovative statistical methodologies. Further, the
informational products of the analysis must be interpreted in light of the major attributes
of ecosystem health: vigor (productivity), organization, and resilience, and in terms of
changes in the availability of ecosystem “"goods" and ““services." Thiswill be achieved
with proposed research on multiscale stochastic models and statistical determinants of
complexity in spatial structure of environmental and ecological factors that portend or
signal onset of distress syndrome at landscape and regional scales. The focus will be on
biophysical signs of the loss of biocomplexity with emphasis on the relationship of
ecosystem distress on ecosystem goods and services.

Multiscale landscape fragmentation is an important manifestation of biocomplexity at a
regional scale. The proposed research will provide a model-based inferential context for
multiscale landscape fragmentation analysis, using hierarchical Markov transition
matrices. The research will provide a framework for formal testing of important
ecological hypotheses of distinct scaling domains, self-similarity, optimal
landcover/landuse categories, and heterogeneity in fragmentation pattern for critical-area
detection.



Recent developments in change detection using compressed multiband image data
provide increased flexibility and practicality for systematic change detection on a
regional basis. Combining such capability with spatial pattern analysis through ‘echelons
will provide methodology for systematically monitoring spatial structure of multiband
change across landscapes in order to profile characteristic broad scale regimes of change
and to indicate trends in these regimes. The emergent spatial organization in terms of
transition models and echelons will be coupled to landscape ecological assessment of
biotope fragility, habitat suitability, guild-based ecological integrity, and watershed
degradation. The regional scope of research will encompass Pennsylvaniain conjunction
with additional case studiesin U.S. and abroad.

Major project goals for Pennsylvaniainclude: (a) to represent the spatial complexity of
key measures of ecosystem health at landscape and watershed scales; (b) to test the
hypothesis that the most populated and industrialized Pennsylvania watersheds have a
markedly different patternof biocomplexity compared with the more pristine watersheds,
(c) to show that the pattern of landscape fragmentation as revealed by the fragmentation
and echelon analysis provides an ““early warning" signal of regions at risk of ecological
breakdown, (d) to show that the new and novel fragmentation and echelon analysisisa
powerful tool to represent multiscale multi-attribute biocomplexity and that its
application will allow synoptic measures of ecosystem health at a variety of scales
ranging from physiographic provinces to watersheds of Pennsylvania, and (€) to offer
guidance to classify watersheds of Pennsylvania for conservation, restoration,
intervention, etc. by ecosystem health condition and vulnerability, and to prioritize them
within each class.

The project goals and results will be achieved in awell-integrated disciplinary and cross-
disciplinary effort coupled with matching educational activities and management plan.

2. Background and Motivation

In this project, we focus on novel methods to quantify ecosystem health at regional
scales. This requires coming to grips with spatial biocomplexity, and representing the
patterns of key parameters of ecosystem health, distress, and degradation at watershed
scales. The central data sets we will work with are the Pennsylvania synoptic data banks
based on National Gap Analysis, Breeding Bird Census and human census, soil erosion
and pollution studies, etc., together with the remote sensing data from Landsat. Pressure-
State- Response related hypotheses will be tested using the innovative transition and
echelon approach leading to spatial complexity maps of biocomplexity representing
pressure and response. The modeling approach introduced earlier in the NSF water and
watersheds project will accomplish the uncertainty assessment as a result of the proposed
devel opment, refinement, and validation based on the proposed case studies in the
country and abroad.

The fact that the earth's ecosystems have become overburdened is no longer in doubt
(Arrow etal, 1995; Vitosek etal, 1997). Degradation is now pervasive at local, regiona,



and biospheric scales. The ready availability of remotely sensed data of the earth's
surface from satellite imagery offers enormous potential to assess changesin the health
of the earth's ecosystems, identify risks of further degradation, and opportunities for
restoration. Thus far, however, little of this potential has been realized, owing to the lack
of an appropriate conceptual framework which captures the biocomplexity of the system,
including importantly the socio-economic, biophysical and human health dimensions and
the lack of a new generation of statistical methodology that is adequate to represent the
underlying biocomplexity and lead to achieving a predictive level of its understanding.

This prospectus draws upon three innovative and integrative concepts and tools which
together will provide the next generation of ecosystem health assessments at regional
scales. Thefirst liesin the concept of ecosystem health, which integrates across the
socia (Costanza etal, 1998), natural (Rapport and Whitford 1999) and health sciences
(Hug and Colwell, 1996; Epstein and Rapport, 1996), and provides the basis for
comprehensive assessments of regional environments. The second lies in the innovative
stochastic technique for representing human disturbance and ecosystem response on the
landscape (Patil and Taillie, 1999a). The third lies in representation of the spatial
biocomplexity of landscapes through the application of echelon analysisto environmental
assessment (Myers, Patil, and Taillie, 1999).

This prospectus shows how integration of these three recent advances will provide
powerful means of assessing environmental conditions at the watershed scales. The first
provides the rationale for synoptic monitoring determining the viability of the regional
landscape (Rapport etal, 2000). The second and third provide the advanced statistical
““tool-box" that will enable highly reproducible quantitative assessments of ecosystem
health at regional scales. In so doing, it will provide novel methods for representation of
gpatial biocomplexity in terms of key indicators of the health and resilience of regional
ecosystems. The three in combination will enable representation and quartification of
the inherent biocomplexity of regional ecosystems for environmental assessment and
management (Rapport etal, 1999; Patil etal, 2000).

Attempts to assess the health of regions have suffered from several magjor limitations:
lack of synoptic data, assessments based on field studies generally constrained to small
areas employing classical statistical tests (e.g. Wichert and Rapport, 1998); lack of
integration among the socio-economic dimension--often the major driver of ecological
change (Vitosek et al., 1997), the biophysical dimension (Rapport and Whitford, 1999)
and the human health dimension (Epstein and Rapport, 1996; Huq and Colwell, 1996);
and the lack of appropriate new generation statistical methods (Patil and Myers, 1999)
capable of capturing the high degree of complexity inherent in these regiona systems.

These barriers can be breached by marrying the concept of ecosystem health (itself an
integrative concept embodying socio-economic, biophysical, human health, and
management dimensions) with advances in statistical methodology for representing the
gpatial complexity of key indicators of ecosystem health on a watershed basis.
Considerable progress has been registered in identifying indicators of ecosystem health,
distress, and degradation. See, for example: DeSoyza et al. (1997), Frohn (1997),



Hansen and di Castri (1992), Hargis et al. (1997), Johnson et al. (1999), McKenzie et al.
(1992), Milne (1992), Noss et al. (1999), O'Connell et al. (1998), O'Neill et al. (1996),
Pearson and Gardner (1997), Radermacher (1999), Schumaker (1996), Sexton et al.
(1999), Scott et al. (1990), Szaro et al. (1999), and White et al. (1997).

To demonstrate the feasibility and practicality of such assessments, we have chosen
Pennsylvania as ou key study area. Pennsylvania has been well mapped in terms of
watersheds at different scales, ranging from 102 units for the State Water Plan to 9,855
units for individual named streams. These watershed units have been studied from
different perspectives by different investigators, including nonpoint pollution,
groundwater pollution potential, land cover, and animal habitats. It isimmediately
apparent that the Pennsylvania watersheds differ amongst each other in terms of ecology,
geology, hydrology, degree of human influence, etc. Representing this complexity,
synopticaly, in aformat that enables one to address questions of ecosystem health,
integrity and resilience will be our key challenge and achievement. Using the
Pennsylvania data we plan to address the following types of questions. What is the
health status of a particular watershed and how does this compare with a similar but less
stressed system? How has landscape health changed over time for particular watersheds
or regions within them? To what degree is ecosystem degradation associated with
cumulative effects from population growth and economic development within the
watershed? Do changesin spatial biocomplexity of key indicators of ecosystem distress
serve as an early warning sign of loss of resilience at regional scales? Which watersheds
show the greatest degree of fragmentation? Do these watersheds aso indicate a |oss of
ecosystem services such as water quality? |s the degree of fragmentation within
watersheds correlated with the loss of ecosystems goods and services as measured by
synoptic data on water quality, soil erosion, biodiversity, etc.?

Similar questions may be posed for data sets being developed within existing
collaborative networks. For example, our approach would be applicable to data generated
on the Mid Atlantic Region within the EPA Mid-Atlantic integrated assessment initiative;
to data generated within the Map of Italian Nature initiative; and to data generated within
projects to elucidate the impact of stress on the desert grasslands of USA (Whitford,
1998), and to data on transformation in a Finnish river and its estuary ( Hilden and
Rapport, 1993; Hilden, 1998; and Rapport et al., 2000).

Human induced stressors affect biological and environmental processes along pathways
with complex feedbacks whereby cumulative effects progressively impair the capacity of
ecosystems to provide life support services essential to humanity (Daily, 1997). This
complex of impairment constitutes ecosystem distress syndrome (EDS). Biocomplexity
of EDS manifestsitself through a wide variety of characteristics such as primary
productivity, biodiversity, habitat suitability, ecological integrity, fragility, vulnerability,
resistance, etc. The issue of interest then is to study multidimensional biocomplexity
dynamics of EDS through spatial organization and temporal behavior of measures of
these characteristics. In order to make ecosystem health assessments effective, the
expressions of EDS must be captured rapidly, comprehensively, and economically which
requires utilization of advanced remote sensing capabilities in conjunction with available



geospatial databases. These enormous data streams must be addressed by advanced
stochastic modeling and innovative statistical methodologies. The informational
products of the analysis must be interpreted in light of current knowledge of the major
attributes of ecosystem health: vigor, organization, and resilience (Mageau et al., 1995;
Costanza et al., 1998a,b).

Building on these collaborations, the Biocomplexity Integrated Research (BIR)
prospectus considers research on statistical determinants and stochastic models of
complexity in spatial structure of environmental and ecological factors that portend or
signal onset of distress syndrome at landscape and regiona scales. This will entail major
augmentation, extension, and application of concepts and computational capabilities
acquired so far. The background research has established a quantitative framework for
elucidating and eliciting complexity in phenomena that constitute fields of spatially
variable intensity, and also for transitions among states of qualitative conditions. The
foundation methodol ogies have been explored in a preliminary manner for operability
with remotely sensed multispectral data.

Multiscale landscape fragmentation in landcover/landuse is an important manifestation of
biocomplexity at aregional scale. For ecosystem health assessment, it becomes
important to characterize, compare, and classify the biocomplexity associated with
landscape fragmentation at a landscape and watershed level. The proposed research will
provide a model-based inferential context for multiscale landscape fragmentation
analysis, using a series of stationary and reversible Markov transition matrices to
generate a hierarchy of categorical raster maps at different resolutions.

Recent developments in change detection using compressed multiband image data
provide flexibility and practicality for systematic change detection on aregional basis.
Combining this capability with conceptual extensions of spatia pattern analysis through
“echelons' provides a methodology for systematically monitoring spatial structure of
spectral change across landscapes in order to profile characteristic broad scale regimes of
change and to indicate trends in these regimes. Echelons are unique in providing direct
hierarchical tree-based representations of spatial complexity across areas of varying
intensity for biological and environmental variables.

The emergert spatial organization in terms of transition models and echelons will be
coupled to landscape ecological assessment of biotope fragility, habitat suitability, guild-
based ecological integrity, and watershed degradation. The regional scope of primary
research will encompass Pennsylvania as a primary case study. Major project goals for
Pennsylvaniainclude: (@) to represent the spatial complexity of key measures of
ecosystem health at landscape and watershed scales; (b) to test the hypothesis that the
most populated and industrialized Pennsylvania watersheds have a markedly different
pattern of biocomplexity compared with the more pristine watersheds, (c) to show that
the pattern of landscape fragmentation as revea ed by the fragmentation and echelon
analysis provides an "“early warning" signal of regions at risk of ecological breakdown,
(d) to show that the new and novel fragmentation and echelon analysisis a powerful tool
to represent multiscale multi-attribute biocomplexity and that its application will allow



synoptic measures of ecosystem health at scales ranging from physiographic provinces to
watersheds of Pennsylvania, and (e) to offer guidance to classify watersheds of
Pennsylvaniafor conservation, restoration, intervention, etc., by ecosystem health and
vulnerability and to prioritize them within each class.

The proposed research will contribute innovative model-based reproducible automated
assessment and management of the biocomplexity of ecosystem health, distress, and
degradation with a novel working quantitative toolbox of biocomplexity knowledge
discovery techniques, developed and fine-tuned with a variety of case studiesin the
country and abroad. An urgent need for today is to achieve mathematical multiscale
gpatial modeling and analysis of categorical, ordinal, and numerical maps for
environmental and ecological variables in a manner that facilitates quantitative
comparative analysis for subregions of concern to resource managers and to
environmental and ecological scientists in atimely manner.

3. Indicators of Biocomplexity of Ecosystem Health

What Constitutes Ecosystem Health? A healthy ecosystem has been defined as one
that is free from ecosystem distress syndrome, maintains its organization and autonomy
over time, and is resilient to stress (Costanza, 1992). Ecosystem Health can be assessed
by indicators of vigor (productivity), organization and resilience (Mageau et al., 1995,
Costanza et al., 1998). Ecosystem health assessments have been carried out for a number
of ecosystems, generally based on extrapolation from limited field data. These include
the Chesapeake Bay (Mageau et a., 1995) and other marine ecosystems (Rapport, 1989b;
Hilden and Rapport, 1993), freshwater ecosystems (Wichert and Rapport, 1998), forested
ecosystems (Yazvenko and Rapport, 1997), arctic ecosystems (Rapport \etal 1997) and
desert grasslands (Whitford, 1998; Rapport and Whitford, 1999; Whitford et a., 1999).
These studies confirm the sensitivity of indicators of vigor, organization, and resilience as
measures of ecosystem health in ecosystems that have undergone degradation as a result
of pressure from human activity. The association of along history of intensified human
activity in awatershed with increasing signs of degradation suggests that indicators are
appropriate for monitoring health (and conversely degradation) in field situations (Hilden
and Rapport, 1993).

Assessing Ecosystem Health at Regional Scales. The existence of multiple dynamic
stable states for both natural and human-dominated ecosystems complicates the task of
determining the extent to which ecosystem structure and function have been altered by
human activity. Nonetheless, careful studies leave little doubt that ecosystem
degradation has occurred in many systems, including forests (Y azvenko and Rapport,
1997), marine (Hilden and Rapport, 1993), fresh water (Wichert and Rapport, 1998),
desert grasslands (Whitford, 1998) and many others. The documentation of health, or
more often, its converse, pathology, is undertaken by looking at a group of indicators and
comparing their values with norms established for healthy ecosystems. These norms are
determined by comparisons between stressed and unstressed systems of similar type



(Rapport et al., 1985; Boswell et al., 1994) or for a system under intensifying pressure
from human activity over time (e.g., Hilden and Rapport, 1993; Boswell et al., 1994).

The Ecosystem Distress Syndrome: Margalef suggested (1975, p.239) that “"All or
most of the ways in which man interferes with the rest of nature produce coincident or
paralel effects. [For example] diversity is reduced, horizontal transportation [of
nutrients] is increased and the ratio of production/biomassisincreased. The parallelism
of change and its logical coherence represents a welcome simplification of the whole set
of problems." Earlier, Leopold (1941) had proposed the concept of "~ "land sickness' to
refer to signs of dysfunction exhibited in his native Wisconsin landscape in response to a
variety of pressures from human activities. Leopold suggested that common signs of land
degradation included soil erosion, loss of fertility, hydrological abnormalities, occasional
irruption of certain species and mysterious local extinction of others, aswell as
gualitative deterioration in farm and forest products, the outbreak of pests and disease
epidemics, and boom and bust wildlife population cycles. Over the past half century, and
particularly in recent decades, many of the signs identified by both Leopold and Margal ef
on theoretical grounds have been confirmed in various empirical studies (Rapport et al.,
1985; Rapport, 1989b).

Building on these insights, Rapport et al. (1985) proposed the ecosystem distress
syndrome (EDS) analogous to Selye's biological distress syndrome. EDS identifies
common structural and functional properties of ecosystems under stress. Based on a
comparative study of different ecosystems, these authors identified common features of
stressed systems, including altered productivity, nutrient cycling, reduced resilience,
altered community dominance favoring “r” selected species (shorter reproductive cycles,
smaller size), increase in nor native species (exotics), increased disease prevalence,
increased instability in component populations, reduced biodiversity, etc. These
properties have subsequently been validated in additional case studies (Hilden and
Rapport, 1993; Rapport et al. 2000; Rapport and Whitford, 1999).

Using proxies for various signs of ecosystem distress (e.g., biodiversity, community
dominance, sediment loads, nutrient status of receiving waters) and relating these to the
available synoptic geospatial and remote sensing data will provide a quantitative portrait
of each watershed relevant to assessing ecosystem health. To our knowledge, this will be
the first time assessments of this nature have been attempted. Heretofore ecosystem
health assessments have been largely based on field observations, generalized to larger
systems. Such methods have the drawback of being limited in scope, expensive, and
lacking in quantitative significance when extrapolated to larger regions.

Relationship of Ecosystem Distressto Nature's Services: This project will also alow
exploration of a key element of biocomplexity, namely the relation between socio-
economic activity and ecosystem status. The bridge that allows this integration is
through the concept of “nature's services’ (Cairns and Pratt, 1995; Costanza, 1997,
Daily, 1997). Ecosystem degradation, asiswell documented, is invariably accompanied
by a decline in nature's services, such as potable water, biodiversity, productivity of
crops, fisheries and wildlife, soil fertility and the like. Quantitative assessments of



ecosystem health on a watershed basis should reflect the supply of nature's services on
the same basis. Thus in highly compromised watersheds (as revealed by both multiscale
fragmentation analysis and echelon analysis), we should also find the largest loss of
nature's services. We will test this hypothesis by comparing the evaluations of health
status with measures of water quality for those watersheds for which data are available on
nutrient status and contaminants in water at the outflows.

Hypothesesto be Tested: 1) Human influence alters spatial complexity of landscapes
as expressed in environmental indicator variables. In theinitia stages, human influences
tend to increase spatial complexity, but in the more advanced stages of ecosystem distress
syndrome there is progressive spatial ssimplification (reduction of diversity). As openings
are created in aforest matrix there is an associated increase in fragmentation and,
initially, an increase in biodiversity. New biota are associated with the new habitat, but
those species eventually may displace endemic species. As fragmentation increases, area
sensitive species thus eventually decline. In such a case, the temporal increase in spatial
complexity isawarning sign of impending simplification of biocomplexity.

Interpretation of spatial pattern in the context of this and ensuing hypotheses
cannot be mechanistic, even though mathematical pattern extraction may be. For
instance, overall biodiversity could increase in a fragmenting environment relative to a
more pristine environment (Appalachian Plateau in southwestern Pennsylvania versus
Applachian Plateau in northcentral Pennsylvania); further, urban areas are much
simplified in terms of biodiversity and also categorical landcover. Watersheds that arein
the process of developing spatial complexity, interpreted ecologically, can portend a
transition to future simplification.

2) Human influence is hypothesized to alter self-similarity of spatial pattern with
changing scale. Self-similarity has been used mainly to indicate alack of human
influence. Human influence is reflected in alteration of recurrence relations of patterns at
different scales (i.e., fractal dimension). The recurrence pattern at different scalesis one
component of biocomplexity. A method for testing will be developed in terms of Markov
transition models.

3) We hypothesize that assessment of ecosystem resilience or fragility can be done, at
least in part, in terms of spatial complexity as revealed by echelon analysis of indicators
of ecosystem distress.

4) We hypothesize that advanced landscape fragmentation with attendant loss of
biocomplexity and alteration of spatial complexity will compromise an array of
ecosystem goods and services. Testing this with respect to water quality can be achieved
in a firg-order manner by comparing composition in the outflow of heavily impacted
watersheds with that of lightly impacted watersheds. Watersheds would be matched for
similarity in other attributes such as underlying geology, vegetation types, physiography,
etc.



4. Modeling and Simulation of Thematic Raster M aps

4.1 Digunctive Indicator Geostatistical (DIG) Model.
This mode is intended to facilitate the use of geostatistical methods in the analysis of
categorical raster maps---maps in which the response at each raster cell (or grid point) is
thematic instead of numerical. (Patil, 2001a; Patil and Taillie, 2001a). The DIG model
has three main ingredients:
- A regular grid with lattice points t.

A standard normal (Gaussian) process Z(t) on the grid with correlation function r (h) . In

practice, we adopt standard parametric forms for the correlation function, e.g.,

r (h) = exp(- | h) with parameter | .

A patition A, A,,---, A, of the Z -axis with one partition st A for each of the k

different categorical responses. This partitioning is referred to as the transitionogram

The surface values Z(t) arelatent (or hidden) and are not dbservable. The model evaluates the
disunctiveindicatorsof A, A,,---, A, on Z(t) thereby determining a unique categorical response

a grid point t (see Figure 1). It isthese categorical responses that are observed. Categorical
responses at neighboring grid points are correlated due to spatial autocorrelation of the latent

surface Z(t).

7 _— Latent

Surface

Figurel. Elevation of the latent surface is categorized according to the transitionogram on the | eft
of the Z-axis.

Using a standard Gaussian process for Z(t) is not a severe limitation because the probability
integral transform could be applied at each grid point with corresponding transformation of the
partitioning sets A, A,,---, A, thereby ensuring marginal, if not joint, normality. Critical to the
robustness of the model is the fact that the partitioning sets are not required to be intervals.

Otherwise, the potential spatia transitions from one category to another category at adjacent cells
would be too limited. Instead, each partitioning set can be adigoint union of intervals so that

distinct partitioning sets, A and A, , can interlace one another.

Model Simulation: Once the parameters of the DIG model are specified, unconditional
simulation of maps is straightforward and reasonably fast. One generates a redization of the

Gaussian surface Z(t) , viathe usual Cholesky or spectral decomposition of the variance



covariance matrix, and then evauates the digunctive indicators of A, A,,--+, A on Z(t). The
only obstacle here is the size of the map and corresponding size of the variance-covariance matrix
of Z(t). But, thisisawell-studied issue in the geostatistical literature with one solution being
the generation of Z(t) in blocks according to the range of spatial dependence (Deutsch and
Journel, 1998; Goovaerts, 1997). More difficult is conditional smulation in which categorica
responses are specified at a fixed subset of locations t and each smulated map must exactly
reproduce these known responses while “filling-in” the unknown responses at other locations.
Conditional simulation isimportant, for example, in thematic accuracy assessment. We propose
to develop and implement a conditional simulation agorithm for the DIG model. Note that

conditional simulation of Gaussian processes Z(t) is quite standard in the geostatistical
literature; the difficulty here is that we do not get to observe the conditioned portion of Z(t),

only itsinduced categorical values. This problem can be addressed by the method devel oped by
Kozintsev and Kedem (2000) whereby, given the categories, an isotropic Gaussian field is
simulated.

Model Fitting: Here, we suppose an actua categorica raster map is available as the data from
which we must estimate the parameters of the DIG model.  Since the likelihood function is
intractable, we propose to fit the model by minimizing the discrepancy between appropriate
empirical (calculated) map characteristics and their corresponding model predictions (which are
functions of the model parameters). Two sets of characteristics appear promising:
Marginal histogram of mapping-category frequencies
Joint occurrence probabilities of pairs of categories at varying distances and directions
(auto-association matrices). In fact, the auto-association matrices (see below) for dl
distances determine the indicator variograms and cross-variograms, and conversely.

It is somewhat unusua to have sets as unknown parameters to be estimated so the question arises as
to how we can represent and vary A, A,,---, A, during optimization. Allowing these partitioning

sets to be completely arbitrary does not appear to be computationally feasible. Therefore, we
propose to use the probability integral transform to map the Z -axisto the unit interval. Next, we
subdivide the unit interval into, say, 1000 equa subintervals (equivalent to 1000 equal-probability
subintervals of the Z -axis) and assign categories to each of the subintervals. Each such assignment

determines a partition A, A,, -+, A, and we have to optimize over al the possible assignments and
simultaneously over any unknown parameters of the correlation function r (h) . If welet N, be
the number of subintervals to which category i isassigned, then N, /1000 isthe mode predicted

marginal relative frequency of category i so we can match this to the empirical relative frequency
(to 3 decimal places) by fixing N, during optimization.

Thus, it remains to minimize the discrepancy between observed and model-predicted auto-
association matrices R;, i, j =1,---,k. We propose to use the Kullback-Liebler distance to

measure the discrepancy. The model-predicted R; aregivenby Pr{z(t)T A, Z(t9T A;] where

the grid points t and t¢ areadistance h apart. Since A and A, are each finite unions of digoint

intervals, the above expression becomes a finite sum of bivariate normal probabilities of rectangles
which can be computed using the tetrachoric expansion (Pearson, 1901).  For the actual process of
optimization we propose to examine two methods: (i) genetic algorithms as suggested by the



chromosome- like structure of the transitionogram (Goldberg, 1989), and (ii) simulated annealing
(Azencott, 1988, 1992; Gidas, 1995).

4.2 Hierarchical Markov Transition Matrix (HMTM) Model.

The proposed approach employs a series of Markov transition matrices to generate a hierarchy of
categorical raster maps at successively finer resolutions. Each transition in the hierarchy may
involve a different matrix, thereby modeling distinct, as well as smoothly ranging scaling
domains. Even when datais available at only the finest resolution, the mode is nonetheless
identifiable and parameters can be estimated by exploiting a duality between hierarchical
trangtions in the model and spatia transitions at varying distance scales in the data map. See
Johnson (1999), Johnson and Patil (1998), Johnson et al (1998, 1999ab, 2000), Petil et al (1999,
2000ab), and Patil and Taillie (1999, 2000abc).

Auto-Association Matrices. Consider araster map of some attribute A and suppose this attribute
has Kk categorical levelsdenoted by a,,a.,,....a, . For empirical description of the spatial

dependence at varying distances in the map, we employ a series IA%) Ifil IAQZ of k™ k matrices.
The matrix FA% is obtained by scanning the map and examining pairs of pixels which are 2" pixels
apart, either horizontally or verticaly. The i, j entry of I% is the relative frequency of occurrence
of response (&, ;) in such pairs of pixels. Thus, I% isasymmetric probability table expressing
empirically the auto-association of attribute A at distance 2" across the map. The series,

ﬁeo, R, Ifx’z , Of auto-association tables is a categorical counterpart of the empirica variogram
for numerical response data.

The HMTM modd is a parametrized probability model for classified maps with the property that
the parameters of the model can be estimated directly from the empirical auto-association

matrices. The model generates asequence M,,M,....,M | of categorical raster maps. Each map
covers the same spatia extent, but successive maps are of increasingly finer resolution. The first
mapM ,consists of asingle pixel and, recursively, the pixelsof M, are bisected horizontally and
verticaly to produce the pixelsof M _,,, giving rise to a*“quadtree” of pixels (Samet, 1990). See
Figure 2. Mapping categories are assigned to pixelsof M, using Markov transition matrices.
Suppose there are k mapping categories (values), labeled as 1, 2,... k. At the coarsest scale, the
assignment of avalue to the single pixel of M, is generated from an initial stochastic probability

vector p[O] . Given the assignment of values to pixelsof M, theassgnmentto M ., is
[n.n+1]

generated by arow stochastic transition matrix, eliie = [Gu , 1, ] =1,...K. Fixattention

1]
on aparticular pixel of M and let itsvaluebe i. Thevalues j for itsfour subpixelsare
[n,n+1]

generated by four independent draws from the distribution specified by the i th row of G
Mo M, M,

) ) )




Figure2. Nested hierarchy of pixels. Each pixel of M, subdividesinto four subpixelsin
M

n+l*

Only asingle floor resolution map M, may be available for analysis. From this single resolution

map, we estimate model parameters by relating spatial scaling levels across M, to hierarchical
levelsin the model. With suitable restrictions on the model parameters, an identifiability theorem
asserts that distinct sets of model parameters correspond to distinct probability distributions on
M, . The correspondence is accomplished analytically by relating the eigen-decomposition of
the hierarchical transition matrices to the eigen-decomposition of the spatial auto-association
matrices. See Patil and Taillie (1999, 2000abc).

Unconditional ssimulation of floor resolution maps can be done directly using the hierarchy of
transition matrices and is very fast. Conditional smulation is more difficult and is accomplished
by applying MCMC methods on the entire quadtree of pixels with nodal neighborhoods
congisting of parent and sibling pixels. Thus, HMTM is a Markov random field on the quadtree.

4.3 Markov Random Fields.

The DIG and HMTM models are defined in terms of specific procedures for generating
realizations—which make simulation fast and conceptually straightforward. Markov random
field (MRF) models, on the other hand, specify a parametric family of probability distributions on
the set Wof al thematic raster maps of given size and with given set of categorical responses.
This probability distribution has the Gibbs form

p(x) =exp[- H(X)]/Z, xT W,
where Z isthe normaizer and Xranges over dl possible mapsin W. Parametric formsare
specified for the “energy” function H (X) that expresses the strength of association among the
categorica responses in neighboring pixels. See Barone et al. (1990), Bremaud (1999), Cressie
(1991), Geman (1990), Geman and Geman (1984), Gimel’ Farb (1999), and Winkler (1995) for
detailed discussion.

Gibbs sampling and other MCMC variants are employed for simulation of Markov random fields;
see Geman and Gemen (1984), Metropolis et al. (1953), and Newman and Barkema (1999). In
contrast with the DIG and HMTM models, conditional smulation for MRF modelsis no more
difficult than unconditional smulation. Mode fitting has been discussed by, for example, Besag
(1974), Guyon (1995), and Y ounes (1988, 1991). Both simulation and model fitting are
computationally demanding for MRFs. However our previous work has shown that pardlel
computing can be used to substantialy speed up these computations. See Bader, Jala, and
Chellappa (1995).

5. Applications of Raster Map Models

The research will examine the following issues:

Map characterization and discrimination: The elgen-decomposition of the auto-
association matrices will be studied for map characterization and discrimination. Using
Principal Components methodology asin Sud et a. (2000), we can derive from the



HMTM modd low-dimensional numerical features of alandscape, which can be
examined over space and time, and with respect to cross-classification by gross
geographical and environmental features.

Fragmentation profiles: The fragmentation profile is a graphic display of the
persistence of spatial pattern across spatia scales (Figure 3). See Johnson (1999),
Johnson and Patil (1998), Johnson et al (1998, 1999ab, 2000), Petil et al (1999, 2000),
and Patil and Taillie (1999, 2000abc). We will study profile responsiveness to variation
of parameter valuesin the DIG/HMTM/MRF map models.
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Figure 3. Fragmentation profiles for three Pennsylvania water sheds with distinct landcover
patterns. mostly forested, transitional and mostly deforested (ag/urban/suburban).

Simulation modeling: Maps can be smulated using the DIG/HMTMMRF models,
thereby providing an excellent vehicle for model-based inference in thematic map
anadysisincluding goodness of fit tests and nested tests for parameter reduction, as well
astests of scientific hypotheses such as self-similarity and distinct scaling domains.

Patch structure: Patch structure is a powerful indicator of spatial pattern and many of
the FRAGSTATS (McGarigd and Marks, 1995) measures of spatial pattern are patch-
based. The proposed research will examine the responsiveness of selected patch-based
metrics to spatid dependence versus dominance as well as to abrupt changesin model
parameters at different hierarchical levels (scaling domains).

Statistical detection of heter ogeneity in spatial pattern: A loca determination of
pattern will be made using appropriate scalar and vector measures. Sampling
distributions of these measures and corresponding local p -vaues will be obtained by
simulation from the globally fitted DIG/HMTM/MRF models.

Thematic accuracy assessment: The effect of spatia pattern on estimation of the error
matrix and associated parameters will be studied by conditional simulation using the
raster map models to generate classified maps with varying spatia patterns of error.

Bivariate raster map analysis for thematic change detection: The proposed
MARMAP systemwill provide bivariate modeling and simulation capability to help with
thematic change detection. The bivariate DIG mode employs a single latent surface with
the two overlaid transitionograms. In the HMTM and MRF approaches, the parametric
modeling needs to reflect the cartesian product structure of the responses.



6. Surface Topology, Upper Level Sets, and Echelons of Surfaces

Quantitative spatial data are important inputs of many environmental process models for
determining future implications of current resource use, policies, and interventions. It is therefore
desirable to have a systematic means of determining spatial organization in mappings of
quantitative variables. Echelons present means for objectively determining quantitative spatial
structure for direct mapping either with or without computer-assisted visualization (Myers et al,
1995, 1997, 1999; Johnson et al, 1998; Kurihara et al, 1999; Patil and Taillie, 1999; Smits and
Myers, 2000). Thus, they can facilitate analysis of implications of errorsassociated with
environmental models that take quantitative layers as input, or produce quantitative output layers,
or both.

Echeonsof Spatial Variation: The spatial variables for echelon analysis can be considered as
topographies, whether real or virtual. Echelons divide the (virtua) terrain into structural entities
consisting of pesks, foundations of peaks, foundations of foundations, and so onin an
organizationa recursion. Saddles determine the divisions between entities. Each entity is assigned
an echelon number for identification purposes. See Myers, Pdtil, and Taillie (1999).

Consider, for example, the terrain depicted in profile in Figure 4a. The numbered entities are
called echelons. Echelons are determined directly by organizational complexity in the spatial
variable and determine afamily tree asillustrated in Figure 4b. The number of “ancestors’ for an
echelon is alocal measure of regional complexity. The echelons aso comprise a structural
hierarchy of organizationa ordersin the same manner as for a network of streams and tributaries
(Rodriguez-Iturbe and Rinaldo, 1997). Since most echelon trees are much too complicated for
visua study as dendrograms, characterization and comparison of echelon trees is done through
analytical processes such as pruning. See Myers, Patil and Taillie (1999).

Figure 4. Echelon decomposition of a surface and associated echelon tree.

Proposed Research:  The proposed research will advance the andytical utility of echelons. A
major question concerning quantitative spatial variables with respect to many applicationsis
whether there are substantial sectors of the surface having particularly high or particularly low
values relative to the mean level. An echelon family would be seen as a candidate for focusif the
probability of its extent receiving observed amounts is less than the criterion under a random
distribution of quantity over area. Since echelon determination is computationaly intensive, there
would be further advantage in capability to extract principal families from partially determined
echelons. Echelons may aso be determined after filtering the surface variable to smooth local
variability. The degree of change in the echelon structure as a result of filtering is indicative of
the sengitivity or insensitivity to errorsin the data. Filtering strategies will be explored for the



purpose of assessing robustness of spatial structure to errorsin the surface variable. A further
line of research for avariety of applications involves methodology for comparative study of
gpatia complexity as expressed by a suite of echelon indicators. Each indicator can be trested as a
synthetic sensor band. These pseudo-sensor bands can be assembled as synthetic multi-band
complexity image datasets for the region in question. Segmentation of the synthetic multi-band
datawill extract prevailing patterns of complexity among the severa indicators of ecosystem
health.

7. MultipleIndicators, Partial Ordering, and Multicriteria Decision
Support: Comparisons and Rankings without I ntegration---Some
Statistical and Visual Tools

We address the question of ranking a collection Sof elements when a suite of indicator valuesis
available for each member of the collection (Patil, 2001b; Patil and Taillie, 2001b). The dements
can be represented as a cloud of pointsin a multidimensional space, but the different indicators
typicaly convey different comparative messages and there is no unique way to rank the elements.
The traditional approach of combining the indicators in some fashion has well-known severe
limitations. We take the view that the relative positions in indicator space determine only a
partial ordering (Fishburn, 1985; Neggers and Kim, 1998; Trotter, 1992) and work with Hasse
diagrams (Neggers and Kim, 1998; Di Battista, 1999) of the partia order to study the collection
W of al rankings that are consistent with the partial order. Such rankings are said to be
admissible and are called linear extensions of the partial order. One can then pose such questions
as the following:

1) What isthe smallest (i.e., best) possible rank that can be assigned to a given element

al S? Whatisthelargest (worst) rank?
2 How many rankings from W assign rank 1 (best) to element al S? Rank 2? etc.
3) If rankings are chosen at random (with equal probability) from W, what isthe
probability that element al Sreceivesarank of i or better?

The answer to the first question lets us associate an interval of possible ranks to each element in
S. Theintervals can be very wide, however. Noting that ranks near the endpoints of each
interval are infrequent under admissible rankings, the answer to the second question provides a
frequency or probability distribution over the interval of possible ranks. These distributions,
called rank-frequency distributions, turn out to be unimoda (in fact, log-concave).

The third question leads to a canonica and objective procedure for ranking the members of S.
The answer to the question is given by the cumulative distribution function (CDF) of the
corresponding rank-frequency distribution. However, these CDFs can be ordered using the so-
called “stochastic ordering” of cumulative distribution functions. This provides a new partia
order on S, which extends (is consistent with) the original partial order. We call this process for
extending the partial order the cumulative rank frequency (CRF) operator. The CRF operator can
beiterated. In all cases studied to date, repeated application eventually resultsin alinear
ordering of S (see Figure 5) but it is not known if thisistruein full generality. The research
would examine this issue.

In most cases of practical interest, the number of linear extensionsin W istoo large for complete
enumeration. For example, the UNEP HEI (Human Environment Index) data set involves three
environmenta indicators for 141 countries of the world. Elementary combinatorics shows that



the number of linear extensions satisfies 8.6° 10'® £ #(W) £ 1.9” 10**whichisbeyond
foreseeable computational capabilities for direct enumeration. However, Markov Chain Monte
Carlo (MCMC) methods, applied to the uniform distribution on W, would allow usto estimate
the normalized rank-frequency distributions needed to apply the CRF operator. See Aldous
(1987), Brightwell and Winkler (1991) and Karzamov and Khachiyam (1991). The research
would develop and implement the computational tools needed for application of MCMC.

Finaly, the e ements under comparison may be spatia regions; for example: countries across a
continent or across the entire globe, watersheds within a state, or census tracts in a metropolitan
area. In such cases, an echelon analysis of the partia order can be carried out by letting the
successive levels in the Hasse diagram determine the newly exposed cells in the falling-water-
level echelon modd. Thiswill provide avisuaization tool for displaying and studying spatia
connectivity and corridors among the highs and lows in the partia order.
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Figure 5. The three diagrams on the left show the linearizing effect of the CRF operator. The two
diagrams on the right show how ties can emerge during linearization. A posetisa partially
ordered set.

8. Spatial Scan Statistic based on Upper Level Setsand Echelons of
Surfaces

The spatial scan statistic was developed for detecting geographic clusters of disease that are
statistically significant with respect to some larger geographic area within which the cluster is
embedded (Kulldorf, 1997; Kulldorf and Nagarwalla, 1994). All potential zones are evaluated
from alist that is created by starting with each origina mapping unit and expanding acircle to
incorporate increasingly larger areas that include other mapping units. After doing this for each
mapping unit, an extraordinarily large list of candidate zones have been analyzed, whereby many
zones are overlapping. While it is possible for the spatia scan statistic to pinpoint the genera
location of a cluster, its exact boundaries remain uncertain.

Echelon analysis will be used in conjunction with the spatial scan statistic in order to more clearly
delineate cluster boundaries, since echelon families identify the spatial connectivity of a response
surface. For example, two isolated first order echelons may be connected by a common second
order echelon, asidentified by “saddle point” mapping units. Echelons at any hierarchical level
may be tested for statistical significance by the spatial scan statistic approach. Therefore, the
combination of these two different methods will result in the determination of spatially digoint
areas of significantly elevated disease rates. Essentially, echelon analysis mechanizes and



objectifiesthe way a person may look at athematic or PRISM map and quickly determine a
reasonable set of candidate zones, while eliminating many other zones as obviously uninteresting.

9. Geospatial Data Compression, Segmentation, and Classification

From both theoretical and practical perspectives, landscapes have a mosaic nature with particular
pattern elements emerging at different scales. This compound mosaic nature is fundamental as a
basis for landscape ecology. Since spectral reflectance mirrors the compositional character of

land cover, digital image data also have latent informationa structure as spatial mosaics. Each
multi-band digital image dataset has an intrinsic integral scale due to the resolution element
(pixel) over which spectral reflectance is sampled or intermixed as a composite by the sensor.

Practical extraction of mosaic pattern can be conducted at three information levels of scale above
the integral scaling level.

At the broadest level, mosaic pattern can be extracted for predominantly perceptual purposes.
Most portrayals of images via computer displays are geared toward a one-byte informational level
entailing something on the order of 256 tonal elements. For practica purposes, this can be
considered as perceptual macroscale. More detailed mosaics that can serve a variety of practica
analytical purposes span a mesoscale range encompassing perhaps two orders of magnitude
increase in number of compositional elements. Beyond this is microscale level of spatia
variability that can be considered as informational noise for most practical purposes that image
data might serve. Variation at thislevel of detail can be captured in a statistical manner without
retaining further spatial specificity of compositiona elements.

The process of mosaic pattern extraction is one of image segmentation, where the operative
partitioning takes place in the spectral domain. With inspiration from recent hyper-clustering
approaches to image data, alearning strategy for progressively segmenting images (PSl) has been
conceived and implemented in a manner that generates dual-scale mosaics as approximating
compressions of multi-band image datasets. A coarse PHASE (Paette Homogeneity Among
Segmentation Elements) one-byte mosaic serves perceptua purposes for image rendering and
also indexes 250 subsets of a finer mosaic contained in a separable second byte that serves
analytical purposes (Myers, 2000).

The PSI mosaics have proven particularly advantageous for purposes of detecting changes in
landscapes over time from periodic image acquisitions. The PS| approach supports a variety or
both conventional and non-conventional change detection strategies. Mosaic analogs of al
conventional image approaches are available. Combinatorial segmentation of multi-temporal
image data sets can serve to isolate inconsistencies of landscape appearance over time. Indirect
comparison of spatial segmentation patterns allows analysis of change using different sensing
systems of over time that would be impossible under conventiona approaches.

In addition to visual interpretation and change detection, thematic classification can be conducted
on a segment basis as opposed to the conventional pixel basis. This entails hybridization of
supervised and unsupervised techniques of classic image analysis. Segment-wise classification
can be accomplished much more rapidly, however. Coupling change detection and segment-
based classification offers prospects for highly automated updating of thematic maps from
repetitive imagery.



Generation of PSI mosaics has been implemented for conventional computing platforms with
heavy reliance on transfer of image data between disk and RAM memory. The process is
computationally intensive, and typically entails an overnight run for a large image. We have
done extensive work on the development of efficient and portable parallel agorithms involving
the processing of images and raster maps. See Helman and JaJa (1995), Bader and JaJa (1996),
FalahAdl et a (1996), Kalluri et a (1999, 2000, 2001). We plan to extend these techniques for
the generation of PSI mosaics and their applications to change detection and thematic
classification on large volumes of image data.

We will aso develop new fuzzy classification algorithms in which transitional pixels can have
multiple class membership. In particular we propose to extend the Amo-Montero-Biging fuzzy
dassification model (Amo et a 2000) to utilize surrounding contextua information as a second
step in an adaptive fuzzy classification scheme. As a result, we will develop a hybrid adaptive
classifier having the merits of both contextual classification and multiclass membership.

10. Data Structuresand Algorithmsfor the Exploration of Raster M aps

This component of the project focuses on the development of efficient data structures and
algorithms to explore associations between environmental phenomena and spatid patterns,
building on the quantitative outcomes of the statistical models, and developing higher level
models for detecting changes and finding interesting spatio-temporal patterns and trends. This
requires the explicit discovery of spatio-temporal patterns based on parameter values that have
been derived through the use of some of our statistical analysis techniques and models such as
HMTM or echolons. In fact, arecent study by the NASA Earth Science Information Partnership
(ESIP) that includes al the mgjor data centers for earth sciences reveals that all major scenarios
of data mining or knowledge discovery of spatio-tempora data involve a core component that
requires the fast determination of patterns and regions over which a certain number of parameter
values satisfy certain congtraints, for example the values fall within certain ranges or that they
remain within certain bounds over a certain time period.

In arecent work, we addressed the problem of quickly identifying regions for large scale
multivariate raster maps. See JaJa and Shi (2001). We developed novel data structures and
algorithms that are based on strong theoretica techniques and that have been validated by
extensive experimentations over a wide range of data sets including the high-resolution Landsat
TM. These techniques enabled the identification of various patterns and regions very quickly. Our
techniques rely on an efficient representation of the raster maps using a combination of a
specially designed R-tree built around the parameter values and spatial decomposition of the
region into subregions described by their boundaries. We have shown that querying over arbitrary
range vaues of any subset of the parameters can be done extremely quickly alowing rea-time
interactions even for the large data sets.

This project will extend these techniques in a number of directions which include; (1) the use of
density-based sampling techniques to create a hierarchy of multi-resolution maps organized in a
pyramidal structure such that only the coarsest possible resolution will be accessed as needed; (2)
the development of spatio-temporal variant of R-trees that can be used in conjunction of the
statistical models for quickly assessing accuracy and detecting changes; and (3) the generaization
of these techniques to heterogeneous raster data, including multi-resolution maps.



11. Interface Design and Visualization Toolbox

A maor goal of this effort is to develop a visualization interface integrated with software tools
based on various statistical techniques and models developed by the investigators on this project.
Information visualization and interface design are critical to making effective use of the various
techniques and models. In fact, the proposed activities will produce complex surfaces and
patterns that are key to understanding the structure of the landscape and make the right
inferences. An effective set of information visualization tools will be essential to gain a deeper
understanding of various outcomes and their relationshipsto spatial patterns and trends. Such
outcomes include fragmentation profiles, simulation outcomes, patch structures, error
distribution, change detection, spatial variation and regiona indicators, thereby enabling usersto
examine their interrelationships and dependenciesin avisua setting. Our goa will be to promote
the discovery of inherent structures and patterns, build and test hypotheses, enable the detailed
study of particular facets and dimensions of the data, and provide means to visually assess the
utility and accuracy of the statistical and computational techniques devel oped.

The University of Maryland Human-Computer Interaction Lab (HCIL) isinternationally
recognized for their pioneering work in interface design and information visualization. During the
past few years, the HCIL has developed highly interactive interfaces for EOSDIS and the Census
Bureau using the principles of dynamic queries and query preview. See Ahlberg and Shneiderman
(1994), Asahi et d (1995), Fredrikson et a (1999), Tang and Shneiderman (2001). Dynamic
queries have been shown to an effective technique to browse complex information and encourage
exploration, as well asto find patterns and exceptions. We will expand this work to develop an
advanced interface for map analysis and exploration integrated with visuaization tools such as
map overlays and mosaicking and coupled with the GIS ESRI ARC-Info for which the University
of Maryland has a site license. We will also combine our successful user-controlled strategies for
information visualization with dynamic aggregation to enable rapid exploration of alternative
hypotheses, detection of fundamental patterns, and identification of interesting outliers.

Our approach will be to work with domain specidists to identify their needs and frequent tasks. A
phased implementation will alow us to implement ssmple algorithms at first and then embed
more sophisticated algorithms. As our implementations mature we propose to conduct usability
tests with the domain specialists to reface the interfaces and demonstrate efficacy.

12. Landscape Patter ns, Change Detection, and Accuracy Assessment

Atlantic Slope Watersheds and Land Cover Study: The northeastern Atlantic Slope
encompasses many ongoing investigative efforts dealing with watersheds and land cover, the
most recent of which is the large Atlantic Slope Consortium project sponsored by EPA to study
watershed and landscape linkages. Pennsylvania watersheds have been mapped at several scales
through EPA and NSF sponsored research. The Multiresolution Land Characteristics (MRLC)
land cover mapping work covers the entire northeast Atlantic Slope region. The Coastal Change
Analysis Project (C-CAP) tracks land cover changes in the coastal zone. This wealth of
geospatia information is augmented at global scae by the Globa Land Cover Facility (GLCF)
housed at the University of Maryland Ingtitute for Advanced Computer Studies (UMIACS) and
the Land cover Land use Change (LCLUC) thrust within NASA's Earth Science Enterprise
(ESE). The capabilities of the MARMAP system will be applied to integrative studies of
landscape change and ecosystem integrity over thisregion. Thiswill include remapping land



cover in Pennsylvania and developing regiona coverage of image maps for general usage with
GIS by natural resource managers.

China Landscape Change Detection: Investigators at Berkeley have been engaged in
cooperative studies of land cover change in Beijing and Shenzhen, China using remote sensing —
see Gong et a (1996). Investigators at Penn State University have likewise been cooperating with
NASA scientists to develop advanced techniques of forest landscape change detection in northern
China using remote sensing. Both programs of research have made available substantial amounts
of field information for purposes of verification. The advanced facilities of MARMAP will be
applied in these contexts to determine the levels of technological improvement that have been
achieved in the present project.

13. Geogr aphic Surveillance, Disease M apping, and Evaluation

Disease M apping and Evaluation: Disease data occur either asindividua case events or as
groups of case events (count data) within areal units, such as census tracts, zip codes, counties,
etc. Any disease map must be considered with the appropriate background population which
givesrise to the incidence. Maps answer the question: where? The maps in conjunction with the
underlying data reveal spatia patterns not easily recognized from lists of statistical data. For
example, use of remote sensing data and other relevant geospatial data can help evaluate
surrounding landscape characteristics that may be precursors for vector-borne diseases leading to
early warning, involving landscape health, ecosystem health, and human hedlth. Investigators at
Berkeley are searching for the habitats of snails that cause for the prevalence of schistosomiasis
in western China using remotely sensed data, see Seto et a (2001). Algorithms developed in this
study can be used to improve snail habitat characterization in 1-4 m resolution satellite imagery.
This case study will involve collaboration with NASA and CDC on severd infectious and non-
infectious diseases of current interest. Also, the Penn State group is beginning to work with
NCHS with regard to their national cancer data, and the GW group is investigating communities
in the DC area with high incidence and mortality of breast cancer. These studies will benefit
from the application of Hasse diagrams and corresponding rank frequency distributions; however,
the large number of objects to be ranked based on multiple criteriawill require estimation of
normalized rank frequency distributions using MCMC methods. These studies will also involve
applications of spatial scan statistics based on upper level sets and echelons of surfaces.

Geogr aphical Surveillance of Sudden Oak Death in California: The Sudden Oak Death
(SOD) Phytophthora sp. was first reported in 1995 and has been rapidly spreading in Californiain
6 coastd counties. Monitoring the changing pattern of oak death in the past 6-7 years plays an
important role in studying the disease transmission. SOD has recently been isolated from
Quercus agrifolia Nee (coast live oak) and Quercus kelloggii Newb. (black oak), both in the black
oak group (subgenus Erythrobalanus); and from Lithocarpus densiflorus (Hook.& Arn.) Rehd.
(tanoak). Change detection agorithms proposed in this study will be used by the Berkeley group
to monitor the location and infection pattern of SOD.

14. Urban Heat |dands and Urban Sprawl

Urban Heat Idand Initiatives. The urban heat idand may be visuaized as a temperature dome
on urban area. It contributes to the formation of ozone, which isamaor urban air pollutant that
has serious human health consequences. Analysis of thermal energy characteristics helps us



understand how we can modify the city landscape to lessen the impacts of the urban heat idand

and its subsequent effects on air quality. Current research by NASA and EPA is using remote

sensing data to analyze the relationship between land use patterns and urban hesat island
development. A NASA initiative isin place that uses spacecraft and aircraft remote sensing data
together with other relevant geospatial data on alocal scale to help quantify and map urban
sprawl, landuse change, air quality, and their impact on human hedlth, such as pediatric asthma.

This case study will involve collaboration with NASA, EPA, CDC, etc. A case study for

Washington DC Urban Heat Iland will be led by the GW group. There are three main objectives.

(1) Characterization of thermal landscape in the Washington metropolitan area. Thisaims at
evauating not only the strength of the urban heat idand but aso the spatia variance within
the heat idand.

(2) Evauation of the relative roles of land cover characteristics and urban structures. This
involves the quantification of land cover characteristics and urban structures such as percent
impervious surfaces, biomass density, urban canyon geometry, and roadway density.

(3) Linking localized thermal characteristics to human health outcome. This attempts to directly
and indirectly link illnesses, such as asthmatic attacks and heat strokes, to thermal stress.

These studies will involve applications of spatial scan statistic based on upper level sets and

echelons of surfaces together with applications of posets, Hasse diagrams, and the resultant rank

orderings and prioritizations (Petil and Taillie, 2001b)

15. Multiple Indicator s, Comparisons, and Rankings

UNEP State of the Environment Case Study: The United Nations Environment Program
(UNEP) has planned to initiate an Annua Report on the State of Environment, nationwide and
worldwide. This case study will involve collaboration with UNEP, EPA, NCHS, etc., where
interest is current in the ability to be able to accomplish rankings and rank intervals for a
collection of elements with the multicriteria multiple indicators using project-based methods and
toolsinvolving partially ordered sets, Hasse diagrams, rank frequency distributions, and rank
orderings consistent with the basic data matrix. The collection of elements may be watersheds,
clusters, states, health service areas, ecoregions, etc. (Patil and Taillie, 2001b).

Investigation of Schistosomiasisin China: In addition to the related work described
under disease mapping, the GW group will be studying how the temporal changes around
the Three Gorges Dam (TGD) across China s Y angtze River will impact the basic
ecological factors that drive the evolution of vertor-parasite genetics and different modes
of schistosome transmission to man. These factors include mode of schistosome
transmission, human infectivity rates, population rates, snail densities, etc. The
techniques developed under this project will be used to prioritize and select sites for
monitoring and to develop maps of endemic area.
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