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Editorial

Dear Colleagues,
Welcome to the third issue of the third volume of the SIGSPATIAL Special for 2011.
This issue is dedicated to the PhD Showcases from the 19th ACM SIGSPATIAL
International Conference on Advances in Geographic Information Systems (ACM
SIGSPATIAL GIS 2011) held in Chicago, Illinois on November 1-4, 2011. Our goal is
for the appearance of this issue to coincide with the conference so that all attendees will
have simultaneous access to all of the presentations at the conference.
This issue begins with a letter describing the highlights of SISAP 2011, the International
Conference on Similarity Search and Applications which was held in cooperation with
SIGSPATIAL from June 30 through July 1 in Lipari, Italy. The newsletter continues with
the presentation of four PhD Showcases from ACM SIGSPATIAL GIS 2011. The issue
concludes with membership information for ACM and SIGSPATIAL.
As the new editor for the SIGSPATIAL Special, I would like to thank the previous editor,
Egemen Tanin, for his work in starting the newsletter and ensuring a smooth transition. I
I am looking forward to your comments and suggestions.
Andrew Danner, Editor
Department of Computer Science
Swarthmore College, Swarthmore, Pennsylvania
Tel: +1 610-328-8665
Fax: +1 610-328-8606
Email: adanner@cs.swarthmore.edu

1

Highlights from SISAP 2011
The 4th International Conference on
Similarity Search and Applications
(Lipari Island, Italy - June 30 – July 1, 2011)
Tomas Skopal
Charles University in Prague
(SISAP Publicity Chair)
www.sisap.org/2011
The series of International Workshops on Similarity Search and Applications (SISAP) is devoted
to similarity searching, with emphasis on the metric space model of similarity. It aims to fill in
the gap left by various scientific venues specialized in similarity searching in spaces with
coordinates. It provides a common forum for theoreticians and practitioners around the problem
of similarity searching in general spaces (metric and non-metric) or using the distance-based (as
opposed to coordinate-based) techniques in general. SISAP aims to become an ideal forum to
exchange real-world, challenging and exciting examples of applications, new indexing
techniques, common testbeds and benchmarks, source code, and up-to-date literature through a
Web page serving the similarity searching community. Researchers can use the testbeds and code
from the SISAP Web site for comparing new applications, databases, indexes and algorithms.
SISAP 2011 was the fourth follow-up of this conference. In addition to the full papers category,
the poster and demo sections extended the portfolio of research results dissemination. In
particular, the poster section aimed at papers that challenge and motivate for searching in new
domain-specific spaces. Here, the practitioners from various non-database or even non-computer
science domains could introduce a point of view to similarity search in their domains. On the
other hand, the demo section gave an opportunity to present non-commercial prototypes of
similarity search engines applied in various specialized domains. By establishing this complex
portfolio of contribution forms, we keep SISAP moving forward to become the main reference
and meeting point of the similarity search community that for many years has been scattered over
several venues.
The SISAP 2011 conference was a great success! This was third time that the conference was
held as a standalone event in cooperation with ACM Special Interest Group on Spatial
Information (SIGSPATIAL). The conference program attracted over 40 attendees. The
conference ran as a single-track (i.e., with no parallel sessions) and lasted for two days. Two
invited speakers gave excellent and motivating talks. Prof. Roded Sharan (Tel Aviv University,
Israel) focused on a similarity-based methods for predicting drug targets, indications and side
effects. Prof. Paolo Ferragina (University of Pisa, Italy) presented the bag-of-words paradigm
enhancing the applications in information retrieval. These surveys given by leading researchers in
each of the fields definitely contributed to an in-depth and up-to-date understanding of fascinating
fields and stimulated further research. In this fourth volume of SISAP, the acceptance ratio of
71% was achieved as a result of the increasing quality of submissions established last year. We
received 28 submissions from all over the world (Canada, Czech Republic, Germany, Greece,
Chile, China, Italy, Japan, Mexico, Norway, Romania, Spain, United Kingdom, and USA). The
papers were selected based on their originality, relevance, and technical strength. In addition to
the 2 invited papers, the proceedings include 11 regular papers, 6 posters and 3 demos.

2

The submissions covered the spectrum of similarity searching topics from theory to practice. For
example, there were presented novel ways to regard ptolemaic indexing, stabilizing the recall in
similarity search, automatic weight selection for multi-metric distances, and universal
information distance for structured data. In addition, the posters represented challenges coming
from applied areas, such as mass spectrometry, proteomics, fuel injection engineering, and also
some premature results in general indexing, such as fuzzy approach to non-metric indexing,
indexing earth mover’s distance, and approximate similarity search using samples. In the section
of demonstrations we saw exciting prototypes of similarity search engines, devoted to contentbased image retrieval, classification and meta-search engines.
The PC chairs selected the following 3 best papers among the 11 regular papers, and invited them
to a special issue of Information Systems journal (Elsevier):
 Jakub Lokoc, Magnus Lie Hetland, Tomas Skopal and Christian Beecks, Ptolemaic Indexing
of the Signature Quadratic Form Distance
 Takao Murakami, Kenta Takahashi, Susumu Serita and Yasuhiro Fujii, Versatile
Probability-based Indexing for Approximate Similarity Search
 Eric Sadit Tellez, Edgar Chavez and Gonzalo Navarro, Succinct Nearest Neighbor Search
The conference also included a social event – a boat trip around the Aeolian islands crowned by a
dinner on the Donkey beach of Vulcano (below see the photo of SISAP 2011 participants
enjoying the dinner and black-sand beach).

We are grateful to the program committee members, the local organizers, and the external
reviewers for their committed and high-quality work. We highly appreciate the work done by
Karina Figueroa for maintaining the Metric Library, and those who contributed to it. We also
thank the Jacob T. Schwartz International School for Scientific Research for hosting this
workshop, Università di Catania, and ACM for their cooperation.
The SISAP 2012, co-chaired by Paolo Ciaccia and Vladimir Pestov, will be held in Toronto,
Canada. For up-to-date information see the SISAP web page.
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ABSTRACT

General Terms

This paper presents a general geostatistical framework for
modeling categorical spatial data, an all important information source in many scientiﬁc ﬁelds. In the proposed
framework, the multi-point class occurrence probability for
(target) locations with unknown class labels given observed
class labels at sample (source) locations is decomposed into
a weighted combination of two-point spatial interactions in
two diﬀerent approaches, while accounting for complex spatial interdependencies. In the ﬁrst approach, two-point spatial interactions are quantiﬁed directly by transiograms, a
recently proposed set of spatial continuity measures in categorical ﬁelds. The sought-after multi-point class occurrence probability is then approximated based on a general
paradigm (Tau model) for integrating knowledge from interdependent diverse information sources while accounting
for information redundancy between them. In the second
approach, geostatistical modeling of categorical spatial data
is set in the framework of generalized linear mixed models (GLMMs), where latent spatially correlated Gaussian
variables are assumed for the observable non-Gaussian responses to account for spatial correlation. Instead of using
Markov Chain Monte Carlo sampling to infer the assumed
latent variables, an ad-hoc method is proposed to approximate the analytically intractable posterior probability of
the latent variables. The advantages of the new proposed
framework are analyzed and highlighted through real and
synthetic cases studies involving the generation of spatial
patterns via sequential indicator simulation and interpolation of categorical spatial data.

Algorithms,Experimentation

Keywords
Categorical Data, Conditional Independence, Geostatistics,
GLMM

1. INTRODUCTION
Categorical spatial data are all-important information sources
in many scientiﬁc ﬁelds, such as land use and land cover
data in geography and environmental science, rock (lithology) types in earth science and socio-economic survey data
in social sciences, etc. The essential task in the statistical modeling of such data is to estimate the joint probability mass function of a set of geo-referenced (spatially correlated) categorical variables from a joint probability perspective, or, from a conditional probability perspective, the
posterior (multi-point conditional) probability of class occurrence (class occurrence probability) at a target location
(where the actual class is unknown) conditioned jointly to all
known source data (class labels available at sample or source
locations). The discussion of this article will focus on the
latter perspective, the modeling of multi-point conditional
probability. Numerous eﬀorts have been previously made to
address this problem, including the most recently proposed
simpliﬁed Bayesian Maximum Entropy (BME) model [1] and
Markov Chain Random Field (MCRF) [14] model. Both
these two models, however, rely strictly on conditional independence assumption which is usually inadequate in practice
due to the complex spatial interdependencies in a spatial
context. This article proposes a geostatistical framework
for categorical spatial data modeling, in which the multipoint class occurrence probability for target locations with
unknown class labels given observed class labels at sample
locations is decomposed into a weighted combination of twopoint spatial interactions in two diﬀerent approaches, a spatial transition probabilities fusion model and a spatial multinomial logistic mixed model, while accounting for complex
spatial interdependencies.
The remainder of this article is organized as follows: the
spatial transition probabilities fusion model is introduced in
Section 3 after an introduction of working deﬁnitions and notations in Section 2. Section 4 introduces the spatial multinomial logistic mixed model and the associated inference
problems. Section 5 compares these two proposed methods
and concludes the article.

Categories and Subject Descriptors
I.6.5 [Computing Methodologies]: Simulation and Modeling; G.3 [Mathematics of Computing]: Probability and
Statistics; J.2 [Computer Applications]: Physical Sciences and Engineering
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2.

SETTING AND NOTATIONS

posterior probabilities (multi-point). The simplicity is due
to the assumption of conditional independence, which is difﬁcult to corroborate in real-world situations. In the rest of
this section, a recently developed information redundancy
model (the Tau model) is introduced and applied for spatial
dependence modeling in categorical ﬁelds, thus relaxing the
stringent conditional independence assumption.

Consider a categorical random variable (RV) C(x) (x ∈
Rd ) which can take one out of K mutually exclusive and
collectively exhaustive class labels c(x) ∈ {1, . . . , K}, at any
arbitrary location with coordinate vector x. This random
variable C(x) is assumed to follow a multinomial distribution, i.e.:
C(x) ∼ Mu(1, π(x))

(1)

where M u(·, ·) indicates the multinomial distribution, π(x) =
[π1 (x), . . . , πK (x)]T is a vector of marginal probabilities of
x for categories {1, . . . , K} respectively and superscript T
�
indicates transposition. It is obvious that K
k=1 πk (x) = 1
holds. We have a set of observed such data at N diﬀerent locations denoted as {c(xi ); i = 1, . . . , N }, which are assumed
to be drawn i.i.d. from a ﬁxed but unknown joint distribution P{C(x1 ), . . . , C(xN )}. We denote the coordinates of
the observed locations and class labels by X = {x1 , . . . , xN }
and c = {c(x1 ), . . . , c(xN )} respectively, and together by
D = {X, c} for notation simplicity. Given the observed
data D, as discussed previously, we would like to predict the
class occurrence probability for a given target location x∗ ,
i.e., P {C(x∗ )|x∗ , D}.

3.

A SPATIAL TRANSITION PROBABILITIES FUSION MODEL

3.1 Conditional Independence
The (multi-point conditional) class occurrence probability P {C(x∗ ) = k|c(x1 ), . . . , c(xN )} can be factorized into a
multiplicative form by the application of Bayes’ expansion
rule, To simplify the computation, the conditional independence assumption is often adopted. C(xN ) is conditionally
independent of C(x1 ),. . . , C(xN−1 ) given c(x∗ ) if the following condition holds: P {c(xN )|C(x∗ ) = k, . . . , c(xN−1 )} =
P {c(xn )|C(x∗ ) = k}. The conditional independence assumption has been widely used in many Bayes-related ﬁelds,
such as Bayesian networks classiﬁers. Practice has shown
that the conditional independence assumption performs quite
well, although it is clearly unrealistic. In geostatistics literature, MCRF model [14] and simpliﬁed BME [1] are two
recently proposed methods based on this assumption, and
use transition probabilities (or equivalently bivariate joint
probabilities) as spatial structure measures.
The concept of transition probability is not new, but it is
until recently that it has been adopted as a spatial continuity measure in geostatistics. More speciﬁcally, the k to k�
class transition probability πk� |k (h) for lag h is deﬁned as:
πk� |k (h) = P {C(x + h) = k� |C(x) = k}. The transiogram
is deﬁned as a spatial transition probability function of lag
distance h, i.e., πk� |k (h; θ k� k ), where θ is a vector of model
parameters, e.g., sill and range. Basic properties of transiograms have been well studied [4]. Transiograms can be
obtained by scanning sample data or from a formal probabilistic model, e.g., a truncated multivariate Gaussian ﬁeld.
Capitalizing on the notion of a transiogram, the conditional
probability of class occurrence based on conditional independence is given as:
π(k)ΠN
i=1 P {c(xi )|C(x0 ) = k}
P {C(x0 ) = k|c(x1 ), . . . , c(xN )} = �
k=K π(k)ΠN P {c(x )|C(x ) = k}
0
i
i=1
k=1
(2)

3.2 The Tau Model for Probabilistic Fusion of
Information
The assumption of permanence of ratios has been introduced as an alternative to the conditional independence in
geostatistical applications [12]. To condense notation, we
use A and D1 , . . . , DN to represent the events in sample
spaces of C(x∗ ) and C(x1 ), . . . , C(xN ) respectively. For
two events D1 and D2 , considering the following logistic(A)
(A|D1 )
type probability ratios, r ∗ = 1−P
, r1 = 1−P
, r2 =
P (A)
P (A|D1 )
1−P (A|D2 )
P (A|D2 )

(A|D1 ,D2 )
and r = 1−P
, the permanence of ratios
P (A|D1 ,D2 )
amounts to assuming:

r2
r
≈ ∗
r1
r

The idea behind this assumption is that ratios of information increments are typically more stable than increments
themselves. Compared to the assumption of conditional independence, this assumption avoids the calculation of the
marginal probability in Bayesian expansion. Actually, in
practice, the summation in the denominator of Equation.2
does not necessarily equal the marginal probability. It can
be easily demonstrated that Equation.3 implies conditional
independence but the reverse is not necessarily true.
This approximation actually also assumes a certain form
of independence between D1 and D2 . To relax this assumption, [12] introduced an exponent factor, τn , to Equation.3
to account for information redundancy between D1 and D2 .
r
r2
= ( ∗ )τ (D1 ,D2 )
r1
r

r as r =

1−P (A|D1 ,...,DN )
,
P (A|D1 ,...,DN )

one gets:

N
�
r
rn
=
( ∗ )τn
∗
r
r
n=1

(5)

and thus
P (A|D1 , . . . , DN ) =

1
∈ [0, 1]
1+r

(6)

The main problem with this model is the determination of
the exponent factor τn , which actually quantiﬁes the information redundancy between Dn and Dn−1 [13].
In this article, the following procedure is applied to obtain
τn . First the nearest neighbor x1 of the target location
x∗ is selected and we let τ1 = 1. Then we assume the
value c(x1 ) of this selected location x1 , is unknown and
perform ordinary kriging to estimate it using the remaining
neighbors as known data taking the ordinary kriging weights
as τn , n > 1. Equation.5 can be reformulated as:
rN
r2 τ2
) . . . ( ∗ )τN
r∗
r

where τn , n = 2, . . . , N are the ordinary kriging weights.
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(4)

Equation.4 can be generalized to N data events [12, 13].
(A|Dn )
Denoting rn = 1−P
, n = 1, . . . , N and re-expressing
P (A|Dn )

r = r1 (

Equation.2 provides an extremely simple way for fusing
transition probabilities (two-point) of class occurrence into

(3)

(7)

This procedure can be interpreted using consensus theory [2] as follows. First, the nearest neighbour x1 of the
unknown event location x∗ is selected and its “opinion” on
what the unknown event should be is assumed completely
credible. Then the degree of agreement between the remaining N − 1 neighbors and the ﬁrst selected nearest neighbour
x1 is quantiﬁed. The more the class label (or attribute value
in general) at xn agree with that at x1 , the larger the OK
weights for xn will be; this implies more redundant information between states at xn and x1 , and thus the “opinion”
of xn should be suppressed. In kriging, all those weights
depend (through the variogram model) on the distances between the sample data locations. For example, if the distance between xn and x∗ is much larger than the variogram
range, the OK weight for xn is zero, i.e., τn = 0, and its
corresponding component in Equation.5 is ( rrn∗ )τn = 1; this
means that the observed state at location xn has no inﬂuence on the unknown state at location x∗ . On the other
hand, if the OK weight τn = 1, ( rrn∗ )τn = rrn∗ , which means
the “opinion” of xn is entirely credible. A non-negativity
constraint is imposed on the OK weights [8] to ensure each
τn ∈ [0, 1] and the sum of these exponents is 1.

3.3 Case Study
To investigate the statistical properties of the proposed
spatial transition probabilities fusion model and demonstrate
its abilities in reproducing spatial patterns, sequential indicator simulation, one of the most frequently used simulation
algorithms in geostatistics, is performed. As discussed in
previous sections, a set of auto- and cross-transiogram models is used for quantifying spatial pattern in class labels. The
performance of the proposed fusion algorithm is then evaluated in terms of how well the above transiogram models are
reproduced from simulated realizations of categorical ﬁelds.
In other words, the objective here is not to reproduce spatial
patterns in real data, but instead to reproduce abstractions
(models) of spatial patterns encapsulated in a set of autoand cross-transiogram functions. To this respect, we use a
range of parametric transiogram models, and evaluate their
reproduction from simulated realizations using the proposed
transition probability fusion algorithm.
In what follows, a reference (true) spatial distribution
of class labels is generated through multi-variate truncated
Gaussian (TG) simulation. The spatial patterns of the TGgenerated reference ﬁeld are then reproduced via sequential indicator simulation. The reason for selecting a TGgenerated reference ﬁeld, is that in this case, the conditional probability of P {C(x∗ ) = k|c(x1 ), . . . , c(xn )} can be
obtained analytically through the multi-variate Gaussian integral without any approximation. Transiograms for the
TG-generated reference are then compared with those obtained via simulation using various transition probability
fusion models.
We consider K = 3 categories with labels k = 1, 2, 3 and
global proportions π1 = 0.35, π2 = 0.40, and π3 = 0.25;
simulation is performed at the grid nodes of a 100 × 100
regular raster with unit spacing. The variogram model for
the underlying Gaussian ﬁeld, which is truncated to produce the reference TG-generated ﬁeld is a nugget eﬀect with
sill 0.001 plus an isotropic spherical model with range 5
and sill 0.999; this is a favorable situation for sequential
simulation since the range is smaller than one twentieth
of the simulation domain. Sets of 50 conditional and un-
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conditional simulations are generated, using a neighborhood
containing a maximum of 15 previously simulated class labels and conditioning data, if there are any. Due to space
limitations, only unconditional simulation is conducted in
this article. Results of conditional simulation and other parameter settings are provided in the following URL: http:
//www.geog.ucsb.edu/~cao/ijgis2010.html.

3.3.1 TG-generated reference categorical ﬁeld
The procedure of sequential indicator simulation [7] is applied in TG-based simulation and the probability of occurrence for each class label is computed via Bayes’ rule and
a multi-variate Gaussian integral. Fig.1 (top left graph)
displays one such realization generated with this simulation. The ensemble average (simulated mean) of sample
transiograms of TG-based simulations, which are taken as
references, are displayed in Fig.2 with green solid lines.

3.3.2 Simulation based on conditional independence
This simulation procedure is the same as TG-based simulation with the only diﬀerence being that Equation.2 is
used to get the occurrence probability for each class label; two-point transition probabilities are computed from
the bi-variate Gaussian integral. Fig.1 (top right graph)
displays one realization generated from the conditional independence model. From this realization one can detect
(at least visually) that the this approach tends to generate larger and more symmetric clusters than the TG-based
simulation. This could be a consequence of conditional independence, which ignores the information redundancy among
neighbours. This is also reﬂected in the reproduced transiograms of Fig.2 (blue solid lines), in which the range values of the reproduced transiograms of this approach are
larger than those of reference model (TG-based model). The
large discrepancy between reproduced transiogram curves
suggests that the SMC model does not reproduce spatial
structure very well.

3.3.3 Simulation with the Tau model
The same simulation procedure is also applied with the
Tau model. The proposed spatial transition probabilities
fusion model is used to compute the occurrence probability
for each class label. We ﬁrst let all the weights in Equation.5
equal to one, thus the only diﬀerence from the conditional
independence model is that the permanence of ratios is applied in Equation.5. Fig.1 (bottom left graph) displays a
realization of unconditional simulation, where smaller class
patches are generated than with the SMC approach; the
mean (ensemble average) simulated transiograms (cyan lines
in Fig.2), including the range values of transiograms, are
closer to the reproduced mean transiograms of TG-based
simulation. This also suggests that permanence of ratios is
a better approximation than conditional independence, at
least for this particular example.
Subsequently, the ordinary kriging weights are used as
exponents in the Tau model. Fig.1(bottom right graph) displays a realization of unconditional simulation. One can appreciate (at least visually) that the re-generated patterns are
closer to those of the reference map (Fig. 1(top left graph))
and that the mean reproduced transiograms (red lines in Fig.
2) are closest to the reproduced transiogram of TG-based
simulation overall. The Tau model with OK weights tends
to generate smaller range values of transiograms than the
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Figure 1: Realizations from simulation methods
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Figure 2: Transiogram reproduction from simulation
methods

reference model, while conditional independence and permanence of ratios models tend to generate larger ones. In
addition, one can also see that the Tau model with OK
weights tends to over-estimates the cross-transiogram values and under-estimates the auto-transiogram values, while
conditional independence and permanence of ratios models tend to over-estimate the auto-transiogram values and
under-estimate the cross-transiogram values. For each transiogram, the reproduced transiograms of the Tau model with
OK weights converge to the ones of TG-based model after
range of (around 5 in this case) is reached, which means the
class proportions are preserved in this model very well.

4.

P {C(xi ) = k}
= β0k + u(xi , k)
P {C(xi ) = k∗ }

P {C(x∗ )|x∗ , D} =

P {C(x∗ )|x∗ , u)P (u|D}du

P {u|D} ∝ P {c|u}P {u|X} = P {c|u} exp{−

(10)

λ T −1
u Σ u}
2

(11)

The exponential component of the right-hand side of Equation.11
comes from the assumption that P {u|X} is multivariate
Gaussian. Based on a conditional independence assumption
of c given latent variables u, the posterior distribution of u
can be further written as:

4.1 Model

P {u|D} ∝

N
�

p{c(xi )|u(xi )} exp{−

i=1

The generalized linear model (GLM) [15] with a multinomial logit link function is a natural choice to model categorical responses if these class labels are assumed independent
with each other, i.e.:
P {C(xi ) = k}
= β0k
P {C(xi ) = k∗ }

�

where P {u|D} is the posterior probability of the latent variable u and can be written as:

A SPATIAL MULTINOMIAL LOGISTIC
MIXED MODEL

log

(9)

We furthermore assume that u(x, k) = [u(x1 , k), . . . , u(xN , k)]T
is a Gaussian Random Field (GRF) speciﬁed by a mean
function µk (u(x); θ) and a positive deﬁnite covariance function σk (u(xi ), u(xj ); θ), i.e., P (u(x, k)) = N(µk (x), Σk ; θ),
where Σk is the covariance Gram matrix with elements Σk ij =
[σk (u(xi ), u(xj ); θ)] and θ is a vector of parameters for the
mean function and covariance function. Without losing generality and for notational convenience, we assume that a
mean function µ ≡ 0 hereafter. Another assumption that is
typically made is that u(·, k) and u(·, k� ) are uncorrelated
if k �= k� , which means that the K latent GRFs are independent with each other; under such an assumption, we have
σ(u(xi , k), u(xj , k� )) = 0 for k �= k� and σ(u(xi , k), u(xj , k)) =
σk (u(xi ), u(xj )) otherwise, where σk is a covariance function speciﬁc to class k. In GRF settings, this can be further
written as: σk (u(xi ), u(xj )) = σk (xi , xj ). By accounting
for the K latent GRFs, one can denote the covariance function between two data locations xi and xj as σ(xi , xj ) and
the covariance matrix of u is λ1 Σ, where Σ is the Gram
matrix with Σij = [σ(xi , xj ; θ)] and λ is an adjustable regularization parameter.
As mentioned above, the key task in this paper is to estimate the class occurrence probability function for a target
location given the source data, i.e., P {C(x∗ )|x∗ , D}. By
introducing latent variables and applying Bayes’ rule, the
predictive function can be given by:

100

a realization of Tau with OK weights simulation
100

80

0

u(x, k), k = 1, . . . , K for each location x. By accounting for
these latent variables, Equation.8 becomes:

a realization of SMC simulation
100

80

λ T −1
u Σ u}
2

(12)

The links between an observable category c(xi ) and the
latent variables u(xi ) have been described in Equation.9.
Based on this link function, one can obtain the distribution
of the latent variables of Equation.11 and eventually the desirable predictive probability function for a target location
x∗ in Equation.10. Unfortunately, in most cases, the integral
over the latent distribution p(u|D} (expectation of u) in the
predictive probability function of Equation.10 is computationally intractable. A common approximation is to replace
the integral by the value of the integrand at the mode of
the posterior distribution where Equation.11 is maximal, the
so-called Laplace approximation, i.e. maximum a posteriori
(MAP) estimation of u. Thus, Equation.10 is approximated
by:

(8)

where β0k is a linear predictor and in this case it is only an
intercept depending on the class label assigned to individual
location xi since we focus on spatial auto-correlation eﬀects
and no other explanatory variable is assumed to be available, and k∗ is the base-line category which can be arbitrarily selected from {1, . . . , K}. One way to extend the GLM
to accommodate spatial dependence information is through
GLMM [3], which models such dependencies by introducing latent (unobservable) variables or random eﬀects in the
linear predictor. For the categorical data case in this paper, we assume there are K intermediate, latent variables

P {C(x∗ )|x∗ , D} ≈ P {C(x∗ )|x∗ , uM AP , D}

where uM AP = argmax p{u|D}.
u
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(13)

egorical and multivariate cases as in this article, the above
construct is usually problematic. It is possible to deﬁne a
GRF with multiple auto- and cross-covariograms [11], but it
is still not clear in general how the covariogram should be
deﬁned. So the covariogram is usually built independently
for each class. In this article, a mixture of covariograms
is adopted; that is, a linear combination of indicator covariograms for each class weighted by their respective class
proportions:

Since the link function of Equation.9 is non-Gaussian, the
posterior over the latent values in Equation.11 and the predictive distribution of Equation.13 cannot be written in analytical form. To ﬁnd uM AP , one can take the logarithm of
the posterior density of Equation.11, as:
log P {u|D} =

N
�

p{c(xi )|u(xi )} −

i=1

λ T −1
u Σ u+ρ
2

(14)

where ρ is a constant to account for the normalized information and does not inﬂuence the search of u maximizing
Equation.14 and is therefore dropped for notational simplicity. If the parameter vector θ for the covariance function
is assumed to be known, the negative of Equation.14 fulﬁlls
the conditions of the Representer Theorem in [18]. By application of this theorem, the maximizer uM AP of Equation.14
is guaranteed to be of the form:
u(xi , k)M AP =

N
�

βjk σ(xi , xj ; θ)

σ(xi , xj ; θ) =

obs
πk σk
(xi , xj ; θk )

(17)

k=1

(15)

j=1

By applying the representation of u in Equation.15, one
can rewrite Equation.14 as a function of β, denoted as L(β).
If the covariance function σ(xi , xj ; θ) is assumed to be known,
one can ﬁnd the optimal β by solving the system of equa= 0. Since L(β) is a nonlinear function of β,
tions ∂L(β)
∂β
the Fisher scoring or Newton-Raphson iterative algorithm,
available in common statistics software, can be applied to
maximize L(β) with respect to β. Once the optimal β is
found, the predictive probability for a target location x∗
can be obtained as:
k + �N
k
∗
exp{β0
∗
i=1 βi σ(x , xi ; θ)}
P̂ {C(x ) = k|D} = �
�N
�
�
K
{exp{β k +
β k σ(x∗ , xi ; θ)}}
0
i=1 i
k� =1

K
�

(16)

4.2 Covariance Functions for Latent Variables
In the discussion above, spatial dependence in categorical
spatial data is modeled through the covariance function, or
kernel function in general, of the latent GRFs. Since the introduced latent variables can not be observed directly, one
usually resorts to the Markov Chain Monte Carlo (MCMC)
method to infer the distribution of latent variables [6]. From
another perspective, [9] analytically approximated the latent covariance function by a linear function of an observed
covariance. In this dissertation, an ad-hoc approximation
of the latent covariance function is proposed, and together
with the adjustable regularization parameter λ, the covariance matrix of the latent GRFs is speciﬁed.
In the geostatistics literature, the covariance function is
usually written as σ(xi − xj ; θ) = υ × σ( h
) (the so-called
a
covariogram) under a stationary random ﬁeld assumption,
where σ(·) : R → R is a monotonously decreasing function
with σ(0) = 1 and limh→∞ σ(h) = 0, h is a vector in Rd ,
υ is the variance or scale parameter, and a is the so-called
range to represent the inﬂuence of this covariance function
and here θ = {υ, a}. An arbitrary function of xi − xj is not,
in general, a valid covariogram and several commonly-used
eligible covariograms have been well studied [5]. Such covariograms, together with kriging variants are the fundamental
tools to explore and model spatial dependencies or spatial
similarities. For univariate Gaussian cases, the elementary
properties of covariograms, such as positive deﬁniteness and
symmetry, as well as their connection with the implied spatial patterns have been studied extensively [5]. But for cat-

�
where πk is the class proportion of class k and K
k=1 πk = 1,
and σkobs (·, ·) is an indicator covariance function for observations with class label k, speciﬁed with parameters θk .
The positive deﬁniteness of each σkobs (xi , xj ; θk ) guarantees
that their linear combination σ(xi , xj ; θ) is also a positive
deﬁnite function. For each σ k (·, ·), we follow the covariogram ﬁtting procedure that is commonly used in geostatistics, which computes the empirical indicator covariances ﬁrst
based on observed data and ﬁts the desirable covariance
function through least squares methods.

4.3 Case Study
In this section, the performance of the proposed method in
reproducing spatial patterns is investigated and compared to
the most recent conditional independence approach (Equation.2)
based a real-world case study. For an arbitrary location,
both of these two methods are implemented for computing class occurrence probabilities based on observed data
and the class label with maximum predicted probability is
assigned to this location (MAP). A set of auto- and crosstransiogram functions are used for quantifying spatial patterns implied in categorical spatial data. Thus, in addition
to correct classiﬁcation rates, a common criterion for evaluating a prediction algorithm, the performance of the two
methods is evaluated by how well they can reproduce the
transiograms in the reference data.
In the implementation of the proposed method, the empirical covariograms are computed ﬁrst and the “true” covariograms are ﬁtted by a non-linear ﬁtting procedure. The
overall covariogram is obtained by the mixture of these autocovariograms (Equation.17) and λ is obtained through crossvalidation by maximizing the correct estimation rate. For
the conditional independence approach (Equation.2), due
to lack of the theoretical models of transiograms as covariograms in kriging, the Nadaraya-Watson kernel smoothing
regression method [17] is used to interpolate the empirical
transiograms. In other words, for pk|k� (h), the transiogram
from class k� to class k, we have empirical transiogram values p1 , . . . , pL for lag distance h1 , . . . , hL respectively. Then
pk|k� (h∗ ), the transiogram from class k� to class k for an
arbitrary lag distance h∗ , can be given by:
pk|k� (h∗ ) =

�L

i=1
�
L

κ(hi − h∗ )pi

i=1

κ(hi − h∗ )

(18)

where κ(·) is a kernel function with a bandwidth r. A Gausi 2
) } and Δhi =
sian kernel function κ(Δhi ) = exp{−( Δh
r
∗
||hi − h || is used in this experiment. Higher values of r lead
to smoother results. Similar with λ, r can be obtained by
cross-validation. Since the empirical transiogram values are
usually obtained by scanning all observed data, thus given a
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erwise, the spatial transition probabilities fusion model is
recommended, since transiograms are more convenient to incorporate subjective information, such as expert knowledge
regarding the spatial distribution of the categorical variable
under study.
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Jura lithology dataset and prediction

distance h, these empirical transiogram should
meet the ba�
sic constraints of transiogram values, i.e., K
k=1 pk|k� (h) = 1.
Based on such eligible input, it can be easily shown that output of Equation.18 meets probability constraints naturally.
To investigate the performance of the proposed method in
real cases, the lithology types in the well known Jura data
set [10] are used, in which 5 rock types are sampled at 359
locations and a subset of 259 samples is selected as training dataset (Fig.3 (a) and (b)). Category 4 (Portlandian) is
re-categorized as 5 (Quaternary) since there are only three
sample points with this category. The class proportions of
the these four categories are [0.2046, 0.3282, 0.2432, 0.2239]
respectively. In the implementation of the conditional independence approach, omnidirectional transiograms, a Gaussian kernel with bandwidth r = 0.05 (Equation.18) and a
neighborhood with 5 nearest points are chosen. For the proposed method, a Gaussian model is used to ﬁt the empirical covariogram values and λ = 0.01. From the prediction maps of these two methods (and (d)), we can see that
the proposed method tends to generate clearer inter-class
boundaries (Fig.3 (d)) than the conditional independence
approach (see the isolated nodes in Fig.3 (c)). The conditional independence approach tends to neglect small scale
features (visualized in the green ellipses in Fig.3 (c)) that
the proposed method can successfully preserve.(Fig.3 (d)).
The correct classiﬁcation rate of the conditional independence approach is 86.63% (311 out of 359) and the proposed
method is 90.53% (325 out of 359).

5.

CONCLUSIONS

This article proposes a geostatistical framework for analyzing and modeling of categorical spatial data while accounting for the complex spatial dependencies implied in a
categorical ﬁeld. In this proposed framework, the geostatistcal modeling of categorical spatial data was analyzed from
two diﬀerent approaches, a spatial transition probabilities
fusion model and a spatial multinomial logistic mixed model.
Case studies were conducted to demonstrate the advantages
of the proposed framework. These two approaches are actually closely related to each other. The connections between
these two methods are analogous to the links between Naive
Bayes and logistic regression in the machine learning literatures [16]. If the sample data (data with known class labels)
are not sparse, the spatial multinomial logistic mixed model
is recommended since in this case, the spatial pattern information can be better captured by likelihood inference. Oth-
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results from a population genomics and a spatial coincidence
approach. In addition, three variables show interesting results that
is altitude, duration of insolation and morphometric protection
index, which is rarely used. And finally, better significances were
found most of the times with the 25m DEM, which raises
questions about the most appropriate scale of computation of
geomorphological and environmental processes.

Categories and Subject Descriptors

J.3 [Life and medical sciences]: Biology and genetics

General Terms

Measurements, Theory

Keywords

DEM derivatives, Landscape genomics, multiscale, spatial
analysis

1. ABSTRACT

In landscape genomics, choosing the appropriate environmental
parameter is primordial. While most studies are looking at large
scale associations between genetic markers and environmental
variables, adaptation of plants can also happen on a fine scale.
However, the predictive ability of large scale predictors is weak
when considering microclimates and landscape heterogeneity in
mountainous areas. In that context, DEM's derivatives have been
proven useful but remain confidential. This research focuses on
the alpine herb Biscutella laevigata subsp. laevigata L., an
autotetraploid perennial plant, which occurs in small patches in a
heterogeneous landscape. The objectives are firstly, to explore
correlations between environmental variables, exclusively derived
from two DEMs of different spatial resolutions, respectively 25
and 2 meters, and genetic markers. Secondly, to analyze the effect
of different spatial resolutions on significant correlations. The
most important result obtained is the large congruency between

2. INTRODUCTION

Environmental parameters computed from remote sensors have
often been used in the context of ecological and landscape
genomics studies (Manel et al., 2003; Joost et al., 2007).
However, these large scale predictors are useless when
considering microclimates and landscape heterogeneity in
mountainous areas. Nevertheless, environmental variables derived
from Digital Elevation Models (DEM) remain underexploited
(Manel et al., 2010). DEM’s derivatives such as slope, aspect and
curvature have been used in prediction models of plant species
distribution (Guisan & Harrel, 2000; Jelaska et al., 2003;
Lassueur et al., 2006) but rarely for gene distribution, despite
signs of fine-scale adaptation in heterogeneous landscapes
(Linhart & Grant, 1996; Vekemans & Hardy, 2004). In addition,
the coarse resolution of the previous generation of DEMs
restrained their utilization. The predictive ability of these
derivatives depends mostly on the resolution of the DEM and on
the size of the calculation window, used to take into account the
surrounding values. In fact, the presence/absence of a species or
gene does not depend only on the environmental properties at
their specific location but are also likely to depend on their
immediate environment. This aspect was developed in Lassueur et
al. (2006) for species distribution in the Swiss Alps but with a
limited number of DEM’s derivatives.
The objectives of this study are firstly, to explore correlations
between environmental variables, exclusively derived from two
DEMs of different spatial resolutions, respectively 25 and 2
meters, and genetic markers (AFLPs; Amplified Fragment Length
Polymorphisms) developed for the alpine plant species Biscutella
laevigata L. (Brassicaceae), in order to detect potential signatures
of natural selection within its genome. We expect from a previous
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study on B.laevigata a correlation with total solar radiation,
altitude and surrogates of humidity, such as the wetness index
(Lassueur et al. 2006; Parisod & Joost, 2010). Secondly, to
analyze the effect of different spatial resolutions on significant
and nearly significant correlations. Previous studies show an
enhanced prediction with more accurate elevation models
(Lassueur et al., 2006).

3. MATERIAL AND METHODS
3.1 Species and molecular data

The study zone is situated in the Swiss Prealps (external Alps) at
“Les Rochers-de-Naye” (N46°26’00’’ E6°58’50’’). Altitude
ranges between 1440 and 2042m. This research focuses on the
alpine herb Biscutella laevigata subsp. laevigata L., an
autotetraploid perennial plant, which occurs in small patches,
exclusively in warm and dry areas of the European Alps. Gene
dispersal is commonly restricted, because pollination is achieved
by generalist Diptera and Lepidoptera while seeds are heavy and
mainly dispersed by gravity and strong wind (Parisod & Bonvin,
2008). B. laevigata survived the last glacial maximum in several
locations before recolonizing the Alps. At les Rochers-de-Naye,
B. laevigata forms a natural hybrid zone between closely related
lineages and for which divergent genotypes are found in
contrasted habitats related to radiation regimes (Parisod &
Christin, 2008). This particular population was thus surmised as
being adapted to its local environment. The genomes of 232

individuals were sampled in 2 x 2m plots every 12.5m in 2003,
scanned using AFLPs to generate 152 anonymous markers. Part of
this dataset was analyzed in Parisod & Christin (2008). This
systematic sampling strategy provides its natural distribution.

3.2 DEM datasets

Two DEMs acquired by the Swiss Federal Office of Topography
(swisstopo) were used. The 25m resolution model was
interpolated from contour lines of the national map at 1:25 000.
The accuracy is estimated at ±2m in the Prealps (swisstopo,
2011). The 2m resolution model is based on LIDAR data (Light
Detection and Ranging) obtained from an airborne platform since
2000 with an altitude accuracy of ±50 cm (swisstopo, 2011). This
DEM is only available under 2000 meters. Both elevation models
are projected in CH-1903 (New Swiss grid), which will be used
for all the derivatives as well.

3.3 Computation of environmental variables

SAGA (Böhner, 2006) was used to derive environmental variables
from the two DEM subsets. Derivatives shown in table 1 were
computed.
To assess correlations between the different DEM’s derivatives at
sampling plots, R² were computed for each pair of variables.
Bonferroni correction for multiple tests was applied here as well.

Table 1 List of derivatives computed in SAGA GIS
Variable
Slope
Curvature
Profile curvature
Plan curvature
Terrain
ruggedness index
(TRI)

Description
Proxy for water flow, snow movements, erosion and organical
deposition

Formula/Units
radians

Affect snow accumulation which influences directly the growing
season duration and water availability (Zevenbergen and Thorne,
1987).

radians/m

Quantitative measure of topographic heterogeneity (Riley et al.,
1999).

no unit

𝑊=

Saga Wetness
Index

𝑎
𝑙𝑛 𝑆

Quantifies topographic control on hydrological processes
Where a is the specific catchment area
and S the slope (Olaya, 2004).
no unit

Morphometric
protection index
(MPI)

Expresses the protection of a point from the surrounding relief.
It is based on the maximum angle found at the zenith or at nadir
from the point over a defined radius (Yokohama, 2002).
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Value is negative when the point is not
protected and positive when it is.

Sum of direct and diffuse insolation.
Total Solar
radiation

Computed over a period of 243 days (1Mars to 31October)
with a timestep of 5 days (Boehner & Antonic, 2009; Wilson &
Gallant, 2000).

kwh/m²

Sum of hours of direct insolation.

hours

Duration of
insolation
Environmental variable

AFLP Marker

β1 p-value

Efron
R²

Protection Index (25)

v25

1.03E-11

0.28

Altitude (25)

v25

1.04E-11

0.46

Altitude (2)

v25

1.09E-11

0.45

Protection Index (2)
Duration of insolation
(25)
Profile curvature (25)

v25

2.43E-09

0.38

v25

8.03E-09

0.27

v25

2.43E-08

0.14

Duration of insolation (2)

v25

3.48E-08

0.30

Protection Index (25)

v42

7.88E-08

0.13

Altitude (2)

v15

1.91E-07

0.15

Altitude (25)

v15

1.92E-07

0.14

Altitude (2)

b50

3.06E-07

0.16

Altitude (25)

b50

3.14E-07

0.16

Protection Index (25)

b80

3.42E-07

0.12

Wetness Index (25)

v25

5.50E-07

0.20

Plan curvature (2)
Duration of insolation
(25)

b80

1.14E-06

0.13

v34

2.12E-06

0.11

Protection Index (25)

v15

2.21E-06

0.08

3.4 Computing association models between
environmental variables and genetic markers

MatSAM (www.econogene.eu/software/sam/) is a Matlab®
program designed to process many logistic regressions between
explanatory variables and genetic markers in parallel (Joost et al.,
2007). It is based on the spatial coincidence between the different
levels of information (Goodchild, 1996) and is similar to other
population genomics approaches that aim at identifying genes
associated with environmental parameters (i.e. signature of the
action of natural selection on DNA sequences). Unlike
corresponding methods, such as BayeScan (Foll and Gaggiotti,
2008), it is however independent from any theoretical model of
population genetics, such as the Hardy-Weinberg equilibrium.
Several methods exist in MatSAM to assess the significance of
association models, among which the Wald test (Hosmer &
Lemeshow, 2000) whose results are shown here. The null
hypothesis is that the model with the examined variables does not
explain the observed distribution better than a model with a
constant only. The conservative Bonferroni correction for
multiple tests was applied to assess p-values. In parallel, the Efron
pseudo R² (Freese et al., 2006) was computed to compare the
percentage of variance explained by the variables derived from the
two DEMs used.
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The same data set was analyzed with a software implementing a
theoretical approach in population genomics. BayeScan was
developed to directly estimate the probability for each locus to be
under natural selection, using a Bayesian method. This approach
is not able to provide indications on the nature of a possible
selective pressure.

4. RESULTS
4.1 Correlations between environmental
variables at sampling plots

The correlation between DEM25 and DEM2 is very high
(>0.999). However, the first derivatives (i.e. slope, curvature, plan
curvature and profile curvature) show important differences
between DEMs. MPI (25) shows a better correlation with altitude
(-0.93) than MPI (2) (-0.81). For insolation variables, correlations
with altitude are higher with the 2m derivatives (Total insolation (DEM25) 0.70; 0.61 – (DEM2) 0.76; 0.79; Duration of insolation
– (DEM25) 0.84; 0.84 – (DEM2) 0.88; 0.88).
On 200 correlations tests between environmental variables, 93
significant tests were counted. Six of the 10 variables extracted
from DEM2 are significantly correlated with their counterpart
from DEM25.
Table 2 Sorted significant values of β1 with resolution between
brackets expressed in meters

4.2 Correlations between molecular markers
and environmental parameters

As shown in Table 2, the most significant models associate
marker ‘v25’ with altitude, morphometric protection index and
duration of insolation. These 3 pairs of variables are significant
for both DEMs, with smaller p-values for the DEM25. Profile
curvature and wetness index are also significant with this marker,
but only for the DEM25.
There is no particular trend for R². However, the highest R² values
are observed with marker ‘v25’ (e.g. Altitude (25), Altitude (2)
and Protection Index (2)).

4.3 Validation with a population genomics
theoretical approach

Seven AFLP bands were detected to be possibly under natural
selection by BAYESCAN, of which two loci (v25 and v15)
showed a Bayes Factor > 99, meaning a decisive evidence for
selection. Moreover, marker b50 showed a very strong evidence
for selection.

environmental processes. In fact not only the resolution is likely
to play an important role in the enhancement of p-values, the
window size (i.e. the neighborhood of the point of interest) and
the parameterization of the derivatives’ computation are not trivial
to assess and will be the subject of further analysis.

6. PERSPECTIVES

Figure 1 BayeScan analysis with the posterior probability for
a locus to be under natural selection on the x-axis (log scale).
The vertical line is the threshold beyond which there is a
decisive evidence for selection

5. DISCUSSION

The most important result obtained in this study is that both MatSAM and BayeScan approaches are largely congruent. Indeed,
marker V25 is significantly associated with several environmental
variables.
MPI may be a very interesting factor in landscape genomics
studies over small scales. In fact, in mountain areas, protection
from meteorological phenomenon, which are stressing factors,
such as strong winds, is very likely to play an important role in the
adaptation of species. In this case, individuals on the ridge grow
in locations with low MPI value and are very exposed to wind
compared to individuals of the lower population. In addition to
total solar radiation that turned out to be significant on a smaller
dataset on the ridge (Parisod & Christin, 2008), significant
association was found with duration of insolation. This shows that
deeper investigations on the influence of radiation processes on
plants and genes distributions are required.
The influence of altitude on the spatial distribution of species and
genes is well-documented. However, this parameter is a very
general proxy that is associated with a multitude of proximal
ecological factors. Indeed, altitude is a surrogate for temperature,
pluviometry and radiation properties (Körner, 2003). Here,
altitude and duration of insolation show a strong correlation and
are inversely correlated with MPI. In fact, markers v25, v15, b50
and b80 - showing a significant association with these variables are present in individuals located on the ridge only, at a higher
altitude and poorly protected. This implies a high duration of
insolation. It shows that these four genomic regions are likely to
be selected by the three environmental variables mentioned here
above, in dry and sunny areas, as mentioned by Parisod &
Christin (2008). In contrast, individuals from the lower population
are protected by surrounding mountains resulting in a lower
duration of insolation.
Lassueur et al. (2006) found that the 25m DEM had an overall
similar predictive ability for species distribution than a Laser
DEM (<2m). With one exception for aspect, a rough alternative to
energetic processes, which provided a better prediction when
using a Laser DEM. On the contrary, in this study better
significances were most of the times found with the 25m DEM.
This result is interesting in the context of the generalization of
environmental processes. and raises questions about the most
appropriate scale of computation of geomorphological and
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Using SenseFly® technology (Zufferey et al., 2010), a new Ultra
High Resolution (UHR) DEM (25x25 cm) will soon be generated.
This DEM will be processed by well-known image analysis
approaches to compute multiscale derivatives and to process
additional association models (Kalbermatten, 2010). Indeed,
wavelet transforms and structure tensors permit to process new
terrain indicators such as energy, coherency and orientation
(Kalbermatten, 2010), whose possible correlation with molecular
markers' frequency may reveal new insights useful to improve our
understanding of adaptation processes.
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ABSTRACT
Polygon representation is important for characterizing land use
and the relationships among the land use polygon. This study aims
to establish an analytical framework for polygon-based land use
change to understand the land use change process considering
types of land use and the shape. Polygon event and polygon state
help to grasp the continuity spatially and temporally. Polygon
event represents the combination of both changes in type of land
use and the shape through the change process. Polygon state
reflects homogeneity during the change process. Compactness,
which recognizes geometrical characteristics of a polygon, was
used to enhance understanding of the change process. A case
study in Tsukuba City, Japan was tested to demonstrate the
feasibility of the presented approach. The proposed framework
supports the clarification of land use change pattern and is
effective in explaining the spatio-temporal land use change
process.

Categories and Subject Descriptors
I.6.3 [Computing Methodologies]: Simulation and modeling Applications

General Terms
Standardization

Keywords
polygon event, polygon state, land use change process,
compactness.

1. INTRODUCTION
Land use change, which directly influenced by human activities, is
one of the most studied sorts of geographical phenomena in GIS
communities. Raster format and polygon-based vector format are
major data format to represent land use. There is conceptually
critical difference between these two. In raster-based land use data,
each pixel has individual digital value and is discrete pixel by
pixel. On the other hand, in polygon-based land use data,
homogeneous space is signified as one polygon. Shape of
individual area is an important attribute for land use as same as
land use category [1]. The understanding of land use changes
requires analytical tools to explore land use type and the shape.
This article develops a conceptual analytical framework for
The SIGSPATIAL Special, Volume 3, Number 3, November 2011.
Copyright is held by the author/owner(s).
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polygon-based land use change. Currently, spatio-temporal
analytical methods are developed based on overlaying of different
timestamps. Each method applied to market area ([2], [3]),
residential area [4], wildfire diffusion [5] in polygon
representation, and distribution of beetle-attacked trees [6]. These
examples mean that the target polygon shows either existence or
non-existence of focusing attribute. They clearly show changes in
shape and the distribution pattern of polygon in change process
and focus on single land use type. Compared with their results,
ordinary polygon-based land use data perfectly fills up the space
at a certain time without overlapping and gapping between each
polygon of several land use types. The land use type of each
polygon can be changed to other land use type at the same
location during the change process. It means that both
disappearance of existing feature and appearance of new feature
occur at the same location and same time. Describing the change
process, the developed methods which focus on single attribute
polygon fails to avoid redundancy making spatio-temporal
analysis of land use change process complicated. In this situation,
this study aims to establish analytical framework for polygonbased land use change considering the types of land use and the
shape.
The remainder of this article is structured as follows:
Section 2 introduces the definition of polygon event and polygon
state and compactness. Section 3 illustrates the results derived by
proposed approaches, which are integrating polygon event,
polygon state, and compactness to understand the land use change
process. Discussion and conclusion are presented in section 4.
This article defines type and shape. Type is an attribute such as
farmland, and residential land. Each land use polygon has single
land use type. Shape is geometric characteristics of polygon
boundary with dimension.

2. METHODOLOGY
2.1 Conceptual framework
Vector representation is more appropriate for characterizing
discrete features and the relationships among the features than
raster one because it can consider polygon adjacency and
topological relationships [7]. There is a critical conceptual
difference between the raster-based raster format and the polygonbased vector format (Figure 1). In raster-based land use data, each
pixel has an individual digital value and is discrete pixel by pixel.
In polygon-based land use data, homogeneous space is signified
as one polygon. In particular, polygon representation can consider
changes in both shape and attributes as characteristics of change
processes. The target phenomenon of this study is land use change
process. Land use is filling up the whole surface of the study area

(if there is no exact category, the area is classified as unclassified).
In the change process, there are some locations where
disappearance and generation occur simultaneously. Process
description should be taken in a minimum and simple way [3].
Following the theory, this study takes polygon event and polygon
state to model the change process. Event and state are the
fundamental concepts of spatio-temporal process [8]. Polygon
event focuses on changes of shape and attributes. Polygon state
considers the spatial continuity and the adjacency during the
change process.

2.1.1 Polygon event
Polygon event characterizes change patterns based on a
combination of shape and attribute from time 1 (t 1 ) through time
2 (t 2 ) [9]. Generally, land use change is analyzed using
timestamps of land uses at t 1 , t 2 ,…, and t n . If there are timestamps
of t 1 and t 2 , these timestamps can detect differences throughout
the period being investigated. It is crucial to track the land use
history to understand the dynamics of land use change [10].
Vector-based land use data can represent the boundaries of
continuous land use types. Both land use type and shape of the
polygon indicate the characteristics of land use changes. Polygon
event is classified into four categories based on combinations of
change in shape and land use: No change, C s , C l , and C l,s (Figure
2). C represents “change”. The suffixes: l and s are abbreviations
of “land use type” and “shape”, respectively. For example, C l,s
indicates that the polygon was divided, and the land use type was
changed in intersection of two timestamps.

2.1.2 Polygon state
Polygon state expresses homogeneity of an attribute. The polygon
state has six categories based on the boundary of timestamp at t 2 ,
some polygons consist of multi-polygon events boundary. If the

Figure 1. Comparison of raster- and polygon-based land use

Figure 2. Definition of polygon event and polygon state
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polygon consists of single polygon event, there are choices
classified in one from four polygon states. A single polygon
inherits the state of four polygon events, i.e., stability, substitution,
division (stable), and division (change) (Figure 2). If the polygon
consists of multi-polygon events, there are two choices. The
merged polygon will be classified into one of two categories:
expansion or conversion (Table 1). If the land use type is different
from all the components of merged polygons at t 1 , the polygon is
categorized as conversion. A polygon, which is categorized as
conversion, shows a new land use from one of t 1 . If a polygon
includes No change or C s , which inherited same land use type at
t 1 , at t 2 , the polygon is categorized as expansion.
Table 1. Pair of polygon event in “expansion” and
“conversion”
Polygon event
No change
Cl

No change
E

Cl

Cs

E

E

E

Co

E

Co

E

E

Cs
C l, s

C l, s

Co

Note: E is abbreviation of “expansion”, and Co is abbreviation of
“conversion”; Blank columns have same category at the diagonal
position; if more three types of polygon event are included in one
polygon at t 2 , then polygon state is classified as “expansion”.
Because it means combination of stable land use polygon and
changed land use polygon.

shows "homogeneity" of the object. Homogeneity is one of the
important concepts in Geography. Definition of land use in this
study considers spatial and temporal continuity within polygon
boundary. In other words, land use polygon is regarded as a single
homogeneity unit in this study. For reasons mentioned above,
compactness is selected.

2.2.1 Compactness
Geographical features represented in polygon-based formats have
geometric properties that may vary from feature to feature [7].
Compactness is a relevant factor in description of geographic
shapes [13]. In this study, compactness is defined in Equation 1
using area and perimeter. Both perimeter and area are
fundamental geometric properties, which could be easily available
to measure in the fundamental GIS environment. The value ranges
between 0.0 and 1.0. The maximum value 1.0 indicates that the
shape of the polygon is a circle as ideal geometry. The coefficient;
0.282 in (1) was derived by fitting the following requirements:
ideal geometry, which is circle, shows maximum value 1, using
perimeter-to-area ratio, the value range is more than zero. The
value of a square is 0.89. The purpose of measuring the
compactness in this article is to measure the geometrical similarity
with squares based on a fundamental hypothesis that resembles a
rectangle land shapes.
Compactness =

Area
(1)
0.282 � Perimeter

2.3 Data Used and Study Area

2.2 Shape Measurement Index
Polygon based land use data allow to apply shape measurement
for individual geographical feature. Polygon shape is the inherent
aspect of polygon based land use data. Numerous indices based on
shape of a geographical feature have been proposed vary from
simple area-perimeter calculations to mathematically complex
indices ([1], [11], [12]). The purpose of applying shape index in
this study is to grasp the relationships between land use change
and the geometrical character of polygon. [13] pointed out
“compactness” which is one of the shape measurement index

Land use data for the years 2000, 2005, and 2008 were used to
conceptualize land use change processes. The 2000 land use map
was published by the Geographical Survey Institute (GSI), Japan
[14]. The polygon area having less than 6.5 m2 is ignored
considering digital map scale level. Land use data for 2005 and
2008 were updated using ortho-photos (2005 and 2008), Zmap
Town II (2005 and 2008), fundamental geospatial data ([15]), and
field surveys. The intersected land use polygons of different time
periods (2000 to 2005 and 2005 to 2008) are classified into four

Figure 3. Land use and the changed area
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polygon events and six polygon states. To investigate the
relationships between geometrical character and change process,
compactness was used for 2005 and 2008.
The study area selected to apply polygon-based analyses
is a central part of Tsukuba City, Ibaraki, Japan. Study area is
delineated based on 1.5 km radius that covers two major train
stations, i.e., Tsukuba and Kenkyu-gakuen, which are part of the
new train system started in 2005 called Tsukuba Express or TX.
Rapid land development related to the new train system has
started since 2000 rapidly, and it has been speculated that the
opening of this system impacted the land use in the surrounding
area before and after the 2005.
The following section explains overviewing of land use
changes during study periods. In 2000, forest/ waste land and
farmland were major land use types at the surroundings of
Kenkyu-gakuen station. While, area has already been build up at
the surroundings of Tsukuba station (Figure 3a). Developed land
increased significantly, especially around Kenkyu-gakuen station
and along the TX railroad during the period from 2000 to 2005
(Figure 3b). The main land resources for development were
forest/wasteland. In 2008, road exhibited the highest coverage of
land in this area (Figure 3c). The change trend of land
development during the period from 2000 to 2005 was stronger
than in the period from 2005 to 2008. The developing land
changed into vacant land, road, commercial land, and public
institutions. At the same time, developing land was converted
from forest/wasteland, farmland, and other land use types.
Developing land area increased from 1.6 % to 11.9 % in the entire
study period. Finally, farmland, residential land, and commercial
land exhibited a similar occupancy of approximately 13.1 % in
2008. The increases of developing land mainly occurred in the
surroundings of Kenkyu-gakuen station and along the newly
developed road during the first period: 2000 to 2005. A large
commercial land was also constructed at this time. Residential,
vacant, and other land uses are scattered throughout the whole
study area. Residential, park/open space, and commercial land
were built around the station. New developing land appeared in
the southeast region of the previous developing land. The vacant
lands along the road were mostly converted into commercial land.

3. RESULTS
3.1 Land Use Polygon Event and Polygon
State
The order of occupancy in polygon event was as follows: No
change, C s , C l,s , C l . The order of occupancy was as follows:
stability, expansion, division (stable), conversion, and substitution.
Most of Cs is involved in expansion, and the ratio increased in
second period. Expansion and conversion in polygon state
experienced boundary merged during land use change process as
colored polygons at the last two rows in Figure 2. Individual
colored polygon was assigned one polygon event. When the type
of land use of adjacent polygons becomes same, the adjacent
boundary is merged. That is why the components of expansion
and conversion have several types of polygon event. More than a
half of C l,s are involved into expansion and conversion. C l shows
similar trend. It shows that when land use type changed, land use
boundary tends to change at same time.
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Table 2a. Area-based cross tabulation of polygon event and
polygon state (2000 - 2005) in percentage
No
change
Stability

Cs

Cl

41.95

Division
(stable)

15.71

15.71
0.87

Division
(change)
6.55

15.46

48.50

31.17

Conversion
Sum

Sum
41.95

Substitution

Expansion

C l, s

1.44

0.87
3.86

3.86

6.38

29.83

1.96

5.82

7.77

4.27

16.06

100.00

Table 2b. Area-based cross tabulation of polygon event and
polygon state (2005 - 2008) in percentage
No
change
Stability

Cs

Cl

51.69

Division
(stable)

7.78

7.78
0.52

Division
(change)
6.73

18.26

58.42

26.04

Conversion
Sum

Sum
51.69

Substitution

Expansion

C l, s

2.52

0.52
3.16

3.16

4.04

31.54

2.09

3.22

5.3

5.13

10.42

100.00

3.2 Land Use Compactness
The histogram of compactness shows a similar trend among the
two snapshots (Figure 4). The highest frequency is shown in the
range from 0.89 to 0.90. The values show that major polygon
shape is similar to squares. Using the Jenks natural breaks
classification, the compactness is classified into three types with
approximate ranges as follows: 0.0 - 0.58 (group 1), 0.59 - 0.77
(group 2), and 0.78 - 1.0 (group 3). Typical shape of each group
as follows. The typical shape of group 1 is a line style polygon, or
complicated concave polygon. Road and water body are the
distinguishing land use types. Some polygons have several holes
inside of their area. For instance, a large vacant area was broken
up by several individual residential areas. These holes make the
perimeter longer decreasing the compactness. Group 2 includes
many concave polygons. Some of their shapes appear to be Cshaped or U-shaped. The proportion of the long sides to the short
sides of rectangular polygons was more than three to one.
Polygons of group 2 are often adjacent to group 3 polygons.
These polygons consisted of residential parcels divided by roads.
The typical shape of group 3 includes convex polygons and
rectangles whose proportion of the short sides to the long sides
was approximately two to one. These become more compact than
other types. Some of the polygons in group 3 categorized concave
have an L-shape. Even when a concave polygon had more

Table 3b. Structure of compactness groups and polygon state
(2005 - 2008) in percentage

Figure 4. Histogram of compactness
vertexes, their interior angles were approximately 90 or 270
degrees.

Table 3 shows the structure of the polygon states in the three
compactness groups. Comparing Table 3.a (polygon state of 20002005) with Table 3.b (polygon state of 2005-2008), it can be
observed how the compactness changed through the land use
change process. Percentage of stability increased from 2005 to
2008 in Table 3. This means polygons classified as the other
polygon states except stability from 2000 to 2005 have not
changed in land use and shape. In other words, polygons changed
in land use or shape for first period kept the state and they were
classified as stability. The percentage of stability increased in later
period for all three groups. Focusing on groups 2 and 3, land use
change during the first period made the shape of many polygons
sparse, while, the change during 2005-2008 made them relatively
compact. During the study period, the proportion of stability
increased, and the proportions of both division (stable) and
division (change) decreased. Through the land use change process,
some polygons became partially integrated to create a large site
and were also divided into some individual small polygons. As a
whole, most polygon states, except for expansion and conversion
in the first period, showed the similar distribution patterns of
compactness among the three groups.
Table 3a. Structure of compactness groups and polygon state
(2000 - 2005) in percentage
Grp 1

Grp 2

Grp 3

Sum

N

39.46

61.05

950

Division (stable)

5.08
1.93

16.52
4.43

6.62

12.98

202

Substitution

0

0.19

1.29

1.48

23

Division (change)

0.64

2.76

8.87

12.28

19

Expansion

2.06

4.24

3.28

9.58

149

Conversion

0.77

0.77

1.09

2.63

41

Sum

10.48

28.92

60.6

100

1556

Stability

Grp 1

Grp 2

Grp 3

Sum

N

Stability

7.46

22.27

45.17

74.9

1164

Division (stable)

1.48

1.99

2.12

5.6

87

Substitution

0.06

0.32

1.42

1.8

28

Division (change)

0.26

2.51

5.6

8.37

130

Expansion

1.93

2.9

2.45

7.27

113

Conversion

0.19

0.64

1.22

2.06

32

Sum

11.39

30.63

57.98

100

1554

Note: Grp is abbreviation of group in Figure 3. N represents the
number of polygon.

4. DISCUSSIONS AND CONCLUSIONS

3.3 Relationships between Polygon State and
Compactness

Polygon state

Polygon state

Note: Grp is abbreviation of group in Figure 3. N represents the
number of polygon.
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Spatio-temporal analysis for polygon-based land use is important
to understand land use change process. This study established
approaches for polygon-based land use change analysis
considering land use polygon attribute and shape. Polygon event
and polygon state were developed to do spatio-temporal analysis
for geographical feature which is distinguished from others based
on shape and attribute of polygon. Expansion considered
neighborhood condition and adjacency because C s and no change
showed high proportion of total area of expansion. The adjacency
of land use polygons, which is represented in expansion,
corresponds to the specific spatial relationships with nearby
features in the vector data, as was suggested by [7]. Results of
polygon event and polygon state mirror the nature of land use,
which fully filled the study area with land use polygons without
overlapping and gapping between polygons and has several land
use types. When new land use is generated, the location of the
land use should be replaced from old land use to new land use. At
that time, it is rare to change land use type at exactly same
location and same boundary of old land use (this kind of change is
classified as C l in polygon event, substitution in polygon state). In
many cases, shape of land use also changed. New land use
polygon covers several neighborhoods land use polygons at
previous time and changed shape of neighborhood polygons (C s ,
division (stable)). When we use timestamps of land use, location
is the absolute identifier and each land use polygons have single
land use attribute. These are points we should consider about the
feature of polygon-based land use data for land use change
analysis. Compactness recognized convex polygons and clarifies
the characteristics of polygon state from the geometric point of
view. Land use, which is the target of this study, has a boundary
based on the difference of type of land use. It means all the
polygons composing the study area show existence of a land use
type which is distinguished from others. For this case, spatially
and temporally the proposed approach helps to understand the
continuity. These findings represent fundamental pieces of change
processes employing polygon-based data. The patterns and
processes discovered are locational specific, thus the results
provide a reference for other places which have been developed
by planning such as study area. Although the approaches based on
the results of intersection operation and measuring geometric
feature which are included in standard GIS software was, can also
be adopted in many places.

[5] Robertson, C., Nelson, T., Boots, B., and Wulder, M. 2007.
STAMP: spatial-temporal analysis of moving polygons.
Journal of Geographical Systems. 9, 207-227.

Spatio-temporal analysis in this study was conducted
with multiple bi-temporal analysis method. [16] pointed out the
lack of temporally continuity aspects in previous spatio-temporal
analysis and analyzed spatio-temporal characteristics by each two
timestamps. Stepping forward in spatio-temporal analysis requires
the development of a method for multi-temporal analysis. Another
direction is data availability of polygon-based land use data set,
which is limited compared to raster based data set. It is necessary
to validate the developed approach using large GIS data set.
Further improvement of both spatio-temporal analytical method
and spatio-temporal data management are indispensable. In
addition, future study will step into individual polygon to
understand the change process deeper. The developed approach is
shown to be effective in understanding the spatio-temporal land
use change process. As [5] pointed out that in an analytical
method based on attribute of the boundary, qualitative approach is
as important as spatial analysis to understand mechanism of real
world represented in polygon. The proposed approach will
support understanding for the development of polygon-based land
use data and the importance of spatio-temporal perspective, which
is necessary in planning for the future based on real state.

[10] Meyer, N. 2004. GIS and land records: the ArcGIS parcel
data model. ESRI Press, California.
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ABSTRACT
This paper initiates a forensic analysis of the causes of levee
failures by analyzing and extracting information from a sequence of elevation data. This is a crucial step in bettering the design and construction of levees and dams. (Fully
diagnosing failures usually requires knowledge beyond the
geometry of the levee, such as weather conditions and material properties). We use results from computer simulations of levee overtopping for training data. The simulations
use smoothed particle hydrodynamics coupled with a wellknown erodibility model. Using the sequential nature of our
data, we extract important channel networks that form as
the soil is scoured away. We present a series of metrics to
measure the distance between channel networks to assist in
determining the critical threshold value used to extract important channels from the flow network. Methods for determining this “ideal“ threshold have gone mainly unexplored,
and so we present a comparison of various threshold values
and how closely they identify matching channel networks
on sequential terrains. These threshold values allow us to
identify important properties of the terrain that form its
“fingerprint,” a way of characterizing the geometry of the
terrain. Our method for fingerprinting terrain is an important step toward the diagnosis of levee failure from digital
elevation data.

Categories and Subject Descriptors
I.3.5 [Computer Graphics]: Computational Geometry and
Object Modeling—physically based modeling;
I.6.4 [Simulation and Modeling]: Model Validation and
Analysis and Simulation Output Analysis

Keywords
river network extraction, shape analysis

1.

INTRODUCTION

Forensic analysis of the cause of levee failures continues
to be critical in assessing levee construction and safety, and
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its automation would make this necessary process faster and
cheaper. After a catastrophe involving levee breach, such as
the tragedy in New Orleans during Hurricane Katrina, civil
engineers attempt to piece together the causes of the failure,
usually seepage and/or overtopping [19].
We aim to automate this diagnostic process by performing a detailed analysis of the levee geometry, represented as
one or more a Digital Elevation Models (DEMs). Toward
this goal, we present a framework for detailed comparison
of eroded terrains that introduces the notion of terrain distance, combining channel network and terrain characteristic
distance metrics. Given a sequence of temporally connected
terrains, we wish to minimize the difference between sequential terrains. This would allow for closer analysis of the erosion process, and so a method for minimizing the distance
between two terrains, with regard to the characteristics that
define them, is essential.

1.1

Channel Networks

An important characteristic of a terrain is the drainage, or
channel, network, because hydraulic erosion is a prime factor
in the formation of terrain geometry, particularly for levee
breach events that motivate our work. Accurate and efficient
extraction of these networks from DEM heightfield data has
been an area of study for several decades ([1, 16], etc.). It
is essential for the analysis and comparison of terrains as it
allows for identification of channels, watersheds, valleys, and
drainage basins, but its challenges stem from the fact that
the data contains no information regarding the behavior of
basins.
O’Callaghan and Mark [16] were among the first to extract
a channel network from a DEM. For each pixel of the terrain,
the direction of the lowest of its eight neighbors is set as the
flow direction. The pixels are sorted by elevation, and flow
accumulation is calculated. The authors apply a threshold
to the flow values, allowing the extraction of pixels belonging the the channel network. This practice is widely used in
channel network extraction, and finding the best threshold
for a particular terrain is a specific objective of our work.
Slight variations in geometry could render a threshold significantly less useful, and so when dealing with sequential
data an adaptive threshold is vital. Comparing two terrains
only makes sense if they have similar channel networks, and

so identifying the thresholds that minimize the difference
between the extracted networks is a fundamental research
question.
L. Band [1] describe a method for extending O’Callaghan
and Mark’s work to identify channel watersheds by grouping pixels that flow into the same channel together. Once
grouped, they can act as a single pixel and can accumulate flow as one, thus minimizing the need for tie breaking.
However, this does not solve the problem of flat basins completely. Yang et al. [22] describe the effect various thresholds have on two widely used watershed analysis tools, the
width function and the area function, finding that at low
thresholds the two measures are similar but vary greatly
as thresholds increase and channel networks shrink. Montgomery and Foufoula, in [15] present a comparison between
the constant threshold and slope-dependent models for calculating drainage networks, presenting the conclusion that
each method appears valid in certain instances. They also
describe a method for identifying channel heads as a means
for extracting channels.
Other methods for channel network extraction have required additional input. Turcotte et al. [21] introduce the
Digital River and Lake Network, which is required as input
in addition to a DEM. This allows for the handling of lakes
in the terrain, a source of frustration for previous methods
because of the difficulty of tie-breaking procedures and the
lake of flow volume. Some methods have foregone flow calculation entirely and depended upon the geometry of the
terrain surface exclusively, such as Lashermes et al. [10],
who present a method for extracting valleys and hills from
a terrain using wavelet filtering on high resolution DEMs.
Still other methods have attempted to define characteristics on the terrain. Kramer and Marder [9] use a shallow
water simulation to model the flow of water over the terrain, measuring the formation of channels with the area and
width functions. Similarly, Soille et al. [20] overcome the
tie-breaking dilemma in network extraction by running a
flooding simulation to create a path through pits in the terrain. However, in both of these methods computation costs
make analysis of large terrains difficult.
In our work, flow field calculation is a black box process,
allowing substitution of different methods for calculation of
the flow field and direction field. For this work, we use a
variation of the least-cost flow routing method by Metz et
al. [14]. For any pixel on the terrain, the least-cost path off of
the edge of the terrain is calculated, and that determines the
direction of flow. This method robustly minimizes the tiebreaking dilemma that arises when calculating flow direction
in large, flat basins, and scales well to very large terrains.

1.2

Analysis of Shapes

Shape analysis has been studied in computer graphics
and computer vision for decades, most often used in shape
matching and pattern recognition. Shape matching is the
process of choosing from a set of possible partners the closest
to a given shape, while pattern recognition is a computer vision problem involving picking out examples of a given shape
in an image or scene. Shape matching relies on difference
metrics, measures of the dissimilarity between two shapes.
The smaller the dissimilarity, the closer the two shapes are
to one another.
Treating terrains and their associated channel networks
as shapes is a method for comparison from which distance
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metrics arise naturally. Fundamentally we wish to be able
to compare the shapes of the channel networks that are extracted from terrain data.
Often, shape dissimilarity metrics are used as bases for
finding the correlation between shapes, if one exists. Belongie et al. [2] present the idea of “Shape Contexts,” in
which a two dimensional shape is described by the angle
to the X-axis of every point along the shape’s border. In
this instance, the X2 metric can be used as the dissimilarity
measure between the shapes. An extension [3] to this idea
broadens the criteria for the shape context by basing its
measure on the shape’s angle relative to the tangent along
the shape border instead of the X-axis, making the shape
context operation invariant under rotation.
Shape comparison was later applied to three dimensions
by Osada [17], who presents the idea of representing three
dimensional shapes as a probability distribution. Given any
shape distribution function (such as the D2 function, a measure of Euclidean distance between two random points on
the shape surface), they build a probability distribution function of the shape by selecting random points along the surface. These probability distributions can then be compared
and analyzed by any known means.
Roy et al. [18] provide a metric for comparing triangle
meshes. For each sampled point on the first mesh and a
given shape attribute, the method finds the closest point
of the same attribute in the comparison mesh. Geiger et
al. [6] find the Shape Axis tree (first presented in Luh and
Geifer [12]) and use an optimization function to find selfsimilarity in shapes. They identify the best match between
two spline curves, one representing the parameterized shape
and the other representing the shape parameterized in reverse. Gal et al. [5] present a new pose-oblivious shape signature function that defines the overall topography of a shape.
This is achieved through use of the local diameter function
and the centricity function Mademlis et al. [13] describe a
method for shape retrieval by matching shapes with those in
a database. The algorithm segments the shapes, and builds
a probability matrix for each segment of each shaping, defining the probability that shape i in one shape matches shape
j in the other. By applying a metric to this probability
matrix, they determine the likelihood that the two shapes
match.
These methods provide a useful basis for comparing two
meshes, including height fields. However, our needs revolve
around specific aspects of the terrains, namely the channel
network. To the best of our knowledge, no shape analysis
tools have been specifically applied to height field data in
computer science literature. The closest approximation is
the Hausdorff distance used to compare images ([8], [7], [11]).
In our work, we use variations on the Hausdorff distance, as
well as direct pixel to pixel comparisons, to determine the
distance between two channel networks, a vital process for
terrain comparison and failure diagnosis.

1.3

Contributions

Our framework consists of several analysis modules and
distance metrics necessary for determining the important
characteristics of a terrain and the distance between two
terrains. Our contributions are:
1. An application of three shape difference metrics to
measure distances between two extracted channel networks.

2. A method for determining an ideal flow threshold with
which to extract the desired channel network.
3. A method for extraction of the important channel network of an eroded terrain through comparison with
sequential neighbors.
4. The concept of a terrain’s fingerprint and method for
determining it, allowing for the comparison of terrains
based on defining characteristics, such as number of
channels, watershed width and depth, channel width
and depth, eroded volume lost, channel meander, junction pixel balance, and pixel load.

2.

TERRAIN ANALYSIS

In this section, we describe our method for determining
the most appropriate flow threshold value for each terrain
in a sequence. As input, our system takes in a series of
chronologically sequential DEMs of a terrain surface, each
at a different time during an erosion event. We wish to
identify a flow threshold that produces similar enough channel networks on each terrain so that the generated terrain
fingerprints are comparable.
For each pair of terrains Dt1 and Dt2 from a sequence,
we compute the accumulated flow field and flow direction
field, assigning a value to each pixel (grid space). We have
developed an algorithm for determining the threshold τ for
comparison between Dt1 and Dt2 . This algorithm averages a
series of difference metrics that compute a value for the distance between two terrains’ channel networks, and chooses
the value for τ that minimizes this average. We have chosen to use variations of the Hausdorff distance, as well as a
direct pixel-to-pixel comparison of the networks, to acquire
a value for the distance. For our purposes, the most important measurement of distance between terrains is a measure
of similarity between channel networks, and thus these metrics (limited to the pixels in the channel network) are chosen
because they compare only the pixels in the network. Once τ
is found, we visually compare the resulting channel networks
for validation.

2.1

Channel Network Extraction

Once the flow direction field and flow field have been calculated for a terrain D, we can define its channel network
based on a given threshold τ , designated Nτ . The flow of
each pixel whose value is below τ is set to 0. Those pixels with positive flow remaining are assigned a designation.
A pixel can be designated with one of four categorizations
based on the flow direction of it and any of its eight neighbors that also reside in the extracted channel network:
• Channel Start (S): All non-zero neighbor pixels carry
flow away from this pixel.
• Channel End (E): All non-zero neighbor pixels carry
flow into this pixel. At least one neighbor must be
non-zero.
• Channel Junction (J): Flows to exactly one neighbor,
while more than one neighbor contributes to this pixel’s
flow.
• Channel (R): Exactly one neighbor contributes to the
pixel’ flow, and this pixel contributes to exactly one
neighbor’s flow.
It is important to note that, when using a flow accumulation
algorithm in which a pixel’s entire flow is applied to a single
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Figure 1: The segments and nodes that compose
each channel network on the terrain are consistently
labeled, starting from each channel end.
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Figure 2: The segments and nodes that compose
each channel network on the terrain are consistently
labeled, starting from each channel end.
neighbor (as opposed to using a fractional flow method),
channels can not split. An example of a channel network
with designated start, end, and junction points is found in
figure 1.
We define a channel segment as a set of pixels connecting
an S to an E, an S to a J, a J to a J, or a J to an E. Segments
will consist of exactly two S, E, or J pixels and a series of 0 or
more 8-connected contiguous R pixels. We define a channel
network as a series of connected segments. Each network
can contain any number of S pixels but exactly one E pixel.
To each network within a terrain we assign an i.d. i, so
a network in D is Nτi . To each pixel p in Nτi we assign an
address, designating in which Nτi it is found. The process
of assigning addresses to pixels is a recursive tree traversal
algorithm that begins at an E pixel and adds another level
to the address whenever a J pixel is encountered, ending at
an S pixel. An illustration of this addressing scheme is found
in Figure 2.

2.2

Channel Network Metrics

We define three metrics that take as input two channel
networks (Nτi and Nτj ) and return the distance between
them. These metrics are used to help define the difference
between the terrains and thresholds from which the networks result. Since the metrics work with any channel networks, comparisons between terrains in the same sequence,
between terrains for different sequences, or even the same
terrain with a different chosen threshold are possible. We
use these metrics to determine the distance between two

networks extracted using different thresholds from different
points in the same sequence.
The first is the pixel to pixel correspondence metric, in
which each pixel of Nτi is compared to each in Nτj , and two
pixels are said to correspond if their addresses have the same
length (they are each the same depth in their respective networks), and their flow travels in the same direction. We do
not compare addresses directly because of potential inconsistencies in the labeling scheme applied to two similar but not
identical networks. A slight change in threshold can cause
a new, very small network to form elsewhere in the terrain,
and as a result the ID system for the networks (Figure 2) is
not comparable between thresholds, only a pixel’s position
within its own network.
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where pi ∈ Nτi and pj ∈ Nτj is its corresponding pixel (same
x, y coordinates in its respective terrain), and Nτi is the
total number of pixels compared, a normalizing component.
The second metric is the Hausdorff distance metric, defined as follows:


disthauss Nτi , Nτj =



(2)


max
sup inf d p , p , sup inf d p , p
p ∈N j ,p ∈N i i j p ∈N i ,p ∈N j i j 
τ

j

i

τ

i

τ

j

τ



where d pi , pj is the Euclidean distance between pixels pi
and pj . This metric has the capability of lending too much
weight to outliers, however, and so we introduce a third
metric, the average Hausdorff distance metric:
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or the maximum value of the average of the infimum of the
distances between the sets. This metric tends to give a much
more realistic look at the channel networks’ distances.

2.3

Finding the Optimal Flow Threshold

If two adjacent terrains in a sequence produce channel
networks that vary widely from one another, analyzing and
comparing the terrains becomes more difficult. It is therefore beneficial to maintain temporal coherence for channel
network extraction on a sequence. We introduce a moving
window algorithm that uses the metrics introduced in section 2.2 to determine, for each terrain Dt , the threshold that
minimizes its distance from its temporal neighbors.
avg ← 0
nComparisons ← 0
for wcur = t − WINDOW → t + WINDOW do
for τ = τmin → τmax do

dist ← d Nτt , Nτwcur
avg ← avg + dist ∗ c (dist)
nComparisons ← nComparisons + 1
end for
end for
avg ← avg/nComparisons

where WINDOW is a constant window size, d Nτt , Nτwcur
is the distance between channel networks Nτt and Nτwcur ,
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[τmin , τmax ] is the range of threshold values we wish to test,
and c (dist) is a weight applied to the distance between networks. For our trials, a window size of 2 worked well for a
10-terrain sequence. For c, a weight of 1 is often sufficient.

3.
3.1

RESULTS AND DISCUSSION
Data Collection

We collected data for our tests using the hydraulic erosion
simulation presented by Chen et al. [4]. The simulation
takes as input the geometry of a levee. Smoothed Particle
Hydrodynamics (SPH) is used for both the fluid and erosion
simulations, as the soil and water are both modeled with
particles that have mass and volume. The level of erosion is
based on the erodibility of the soil, which is a measure of the
resistance of soil to the shear stress applied to it by flowing
water. Once the critical shear stress is surpassed, erosion
occurs, and water particles pick up soil particles to carry
away. The output of the erosion simulation is a collection of
particles. From these particles, we built a 200 x 200 DEM
by ignoring all fluid particles and instead fitting a surface to
the particles along the top of the terrain.
We identified water flow rate, geometry of the levee surface, and erodibility of the soil as three major simulation
parameters influencing the progression of channel formation.
This decision was a consequence of laboratory experiments
in which the channel formation and time of breach were
sensitive to changes to these parameters. We ran 27 simulations in total, including every combination of three different
flow rates (slow, moderate, and fast), three levee downslope angles (1:4, 1:5, and 1:6), and three erodibility values
(minimally erodible clay, erodible sand-clay mix, and highly
erodible sand). Full-scale levees are often built with a slope
of 1:5. Taking a snap shot each minute for each ten minute
simulation allotted us a large database from which to pull
terrains and terrain sequences.

3.2

Comparison of Metrics

The most popular method for comparing terrain surfaces
is a simple Root Mean Squares Error (RMSE) metric, which
measures the root of the average squared difference in heights
across the terrain (equation 4).
v
X
u
u
(pz − qz )2
u
t p∈Dti ,q∈Dt0
|Dti |

(4)

RMSE is most informative when measuring the difference
between two terrains that should be identical, such as measuring the error introduced by a compression scheme. However, RMSE ignores the most important characteristic of a
terrain, the channel network. We investigated how the error
measurement changed when comparing sequential terrains.
We looked at time steps from a 10-minute simulation from
our set of 27 data points discussed in section 3.1 with typical
results. The data sets can be seen in figure 3. We examined the change in error when comparing two time steps,
t1 and t2 , using the first minute after t1 as a baseline for
comparison. The results can be seen in table 1.
The table shows the percent change of the value of the
error with respect to the first minute of change for four time
steps of the simulation, 0:00, 1:00, 5;00, and 9:00. As can be

t1
0:00
0:00
0:00
1:00
1:00
1:00
5:00
5:00

t2
1:00
5:00
9:00
2:00
5:00
9:00
6:00
9:00

distavg
0.388953
0.396261
0.405480
0.391023
0.398034
0.407861
0.352744
0.355777

%∆
N/A
0.0187884
0.0424904
N/A
0.0179307
0.0430640
N/A
0.0085981

distRM S
0.000303
0.014392
0.029450
0.002551
0.014180
0.029254
0.004971
0.018714

%∆
N/A
46.5655
96.3318
N/A
4.55904
10.4682
N/A
2.76438

Table 1: A table of the % change in average Hausdorff and RMSE distances for various time steps (ti )
of our erosion simulation with respect to the first
minute after t1 (the rows with “N/A” entries). We
can see from this data that RMSE grows considerably as channels are dug (as time moves forward),
whereas the average Hausdorff change is considerably smaller.
seen from the table, the RMSE value grows very quickly, as
channels are dug deeper and the overall change in the terrain
elevations is large. However, the average Hausdorff distance
values grow much slower. What is more interesting is that,
between times 1:00 and 9:00, the Hausdorff distance grows
0.0431%, but between 5:00 and 9:00 it increases 0.0086%,
which is not proportional to the change from 1:00 to 9:00.
The reason for this can be seen in figure 3, as channels had
not formed yet as of early time steps (in the figure, time
step 3:00), but by 5:00 they had. Since distavg only takes
into account pixels within the channel network, once it is
formed, the distance between sequential terrains should be
small. This data supports that hypothesis.

3.3

Thresholds With Temporal Coherence

For our trials, we tested thresholds between 20 and 1000
(about 0.1% to 0.05% of the maximum accumulated flow)
with a change of discrete step of 20 units of flow per trial
and a window size of 2. Figure 3 presents the results of our
algorithm over the sequence of frames for the simulation of
highly erodible soil with medium flow water on a 1:5 slope.
We used an average of our three distance metrics to produce
the target threshold.
Overall, the channel networks extracted behave as expected while maintaining a large degree of temporal coherence. As channels form along the downslope of the levee
(facing the camera), our extracted channels change, split,
and merge. Our simulation implements a small area sink in
the middle of flat area at the foot of the levee, and thus,
generally channels develop flowing into the sink. As the
channels flowing to the sink grow, they consume and merge
with the smaller channels on either side. Toward the early
part of the simulation, there are several junction points located near the sink, but as the simulation progresses these
merge into a single point. This behavior is consistent with
the changing geometry of the levee in this area.

4.

CONCLUSION AND FUTURE WORK

We have presented the pixel correspondence metric, the
Hausdorff distance metric, and the average Hausdorff distance metric, each of which measure the difference between
two extracted channel networks from an eroded terrain. Using them in conjunction with one another, we created an
algorithm that uses a temporal window to take into account
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the coherence with neighboring terrains in order to better
decide on an ideal threshold to use when extracting a river
network. We demonstrate that this method produces visually pleasing channel networks.
Our method is limited by the nature of our windowing
algorithm. Possible thresholds are tested across neighbors,
but the temporal coherence may be adversely affected by
the neighbors’ choice for its threshold. In the future, we
will consider an adaptive threshold, and allow each terrain
to influence its neighbors’ choice of threshold. In our work,
we use a static global threshold for each terrain. Better
thresholding methods exist, such as watershed area dependant and elevation dependant methods. In the future, we
will incorporate these more accurate definitions for a terrain’s threshold. Finally, the next natural step for our work
is to build comparison techniques for terrain fingerprints. In
order to accurately analyze them, independent component
analysis will be utilized.
In addition, we will introduce the idea of a terrain fingerprint, a set of characteristics displayed by the terrain that
are drawn from, and include, the hydrological channel network, or drainage network, that can be extracted from the
terrain as described in section 2.1. Fingerprints are an important tool in forensic analysis of erosion, as they describe
the evolution of the terrain under erosion. Once the terrain’s channel network is identified, a series of statistical
and geometric characteristics are extracted, making up the
terrain’s fingerprint. These characteristics describe a variety
of aspects of the terrain including channel shape, drainage
density, flow pattern, and individual pixel importance. A
fingerprint provides a description of a terrain surface. One
important application is the determination of a measure of
dissimilarity between two terrains by assigning a quantity to
the distance between their fingerprints, similar to the terrain
metrics described in this paper. Future work includes development of the fingerprint and its application to distance
metrics for terrain comparison.
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