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In GI Science, one of the most important interop#ity issues relates to land
use and land cover (LULC) data, because it is atkethe evaluation of LULC’s
many environmental impacts throughout the globéefFet al. 2005). Accordingly,
this research aims to address the interoperatfityULC information derived by
different authorities using different classificat@pproaches.

LULC data are described by LULC classification syss. The interoperability
of LULC data hinges on the semantic integrationLofLC classification systems.
Existing works on semantically integrating LULC sd#fication systems has a major
drawback in finding comparable semantic represemsitfrom textual descriptions.
To tackle this problem, we borrowed the method omparing documents in
information retrieval, and applied it to comparing/LC category names and

descriptions. The results showed notable improvemempared to previous work.



However, lexical semantic methods are not abley ftdl solve the semantic
heterogeneities in LULC classification systems: tdoafounding conflict — LULC
categories under similar labels and description® ltifferent LULC status in reality,
resulting in a naming conflict — LULC categorieden different labels can represent
similar LULC type. Without confirmation of their ma@l land cover status from
remote sensing, lexical semantic method cannotaehkliable matching.

To discover confounding conflicts and reconcile mam conflicts, we
developed an innovative method by applying remetesisig to the integration of
LULC classification systems. Remote sensing is amaeof observation of actual
LULC status of individual parcels. We calculatetqel level statistics from spectral
and textural data, and used these statistics touledd category similarity. The
matching results showed this approach fulfilled gsal of overcoming semantic
heterogeneities and achieved more reliable andratecumatching between LULC
classifications in the majority of cases.

To overcome the limitations of both methods, we bomed the two by
aggregating their output similarities, and achieveekter integration. LULC
categories that display noticeable differences betwiexical semantics and remote
sensing once again remind us of semantic heterdgenén LULC classification
systems that must be overcome before LULC data fadferent sources become

fully interoperable.
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Chapter 1: Introduction
Over the past decades, the technology of collecegspatial data has

developing fast (Goodchild 1997, Butenuth et al0720Q and has led to rapid

accumulation of geospatial data. For example, kah& and Landsat 7 contribute
over 400 images per day to the Earth Resourcesr@iigm Systems (EROS) data
archive, and Landsat 5 alone has gathered more/@@000 images since its launch
in 1984. Also many state administrations colled! ldata often through a

combination of ground datat collection and intetatien of aerial photographs The
abundance of geospatial data collection leads tee mdstributed and heterogeneous

sources.

Meanwhile, in the context of geographic informatiservices (Kuhn 2005),
users need to share geospatial data from multiptla dources (Elwood 2008).
Interoperability of geospatial data is of decisiveportance to answering many
fundamental geographical research questions, ssitheaimpact of human activities
on global change. Any single data source is notjaale to capture this complexity,

and the interoperability of geospatial data isrggtg required.

Interoperability may be depicted by six levels @tdrogeneity (Figure 1.1)
(Sheth 1999). Among them, semantic heterogensityidely considered to be the
main challenge in achieving interoperability (Rogez et al. 1999, Sboui et al. 2007).

A consideration of ontology provides a possiblaisoh to this problem.
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Figure 2.1 Levels of heterogeneity / interoperapili

(Bishr 1998)

1.1 Ontological View on Semantic Integration

Semantics refers to the meanings of symbols (egrdsy (Wood 1975).
Jackendoff (1983) commented that semantics, “bsdipe theory of language and
the theories of other cognitive capacities”. A igamdefinition but in simpler words,
by Agarwal (2005) pointed out that semantics inglibe meaning attached to

concepts.

Semantic heterogeneity originated from the differeonceptualization of the
physical existence. Ontology, which is the theofyphysical existence, should be
introduced to solve heterogeneity problems. Iralhyc ontology, proposed as a
solution to semantic heterogeneities, has seméaeterogeneities in itself. We will

first give a brief review of different understangmof ontology, and then clarify the

use of ontology in this research.



1.1.1 Defining Ontology

The term ontology has different definitions and gesain different contexts
(Agarwal 2005, Guarino 1995, 1998). As a branctplfosophy, ontology is the
theory about the nature of being, including theegatization of being and their
relations. There are many research works defimomgplogy. For example,
ontologies attempt to clarify and set the expliatowledge of the domain they
describe (Kavouras 2005); ontology is an expligtedfication of a shared
conceptualization (Torrest al. 2009); ontology is a particular knowledge basé tha
describes facts that are always true for a commuoit users (Guarino 1998);
ontology can be a simple taxonomy, a lexicon, oth@saurus, or even a fully
axiomatized theory (Fonsecet al. 2002); ontology is the method to extract a

catalogue of things or entities that exist in a don{Sowa 2000).

Despite the wording variance, these definition®mtblogy mainly differentiate
on whether human conceptualization and physicatence are detached. From one
viewpoint, ontology does not only recognize exisgenbut also specifies the
conceptualization (Torregt al. 2009) shared by a group of people, such as
geographic information community (Biskt al. 1999). Here ontology incorporates
epistemology, and this so-called epistemologic#blogy is defined as a theory about
how a given individual, group, language, or sciencaceptualizes a given domain

(Fonsecaet al.2002).

Engineering-oriented ontology is developed from épéstemological view of
ontology. From engineering perspective, ontologw istrictly pragmatic enterprise

(Smith and Mark 2001). In Al-related contexts, fexample, ontology is a



classification with a rich set of semantic relasbips (among terms) that support

reasoning (Soergel 2005).

From a philosophical perspective, Agarwal (2005)elves, if the ontology is
recognized as THE concept of a being, then thetipural ‘ontologies’ is irrelevant
as there can be only one ontology. Hence, ontahdiggment is irrelevant. However,
knowledge engineers and artificial intelligenceestists (e.g. Euzenat and Shvaiko)
think engineering-oriented ontology is not the es@ntative of a singular overriding
truth, but corresponds to individual and inevitaldyfferent conceptualization
processes. The use of plural ontologies is relg\aamd ontology alignment becomes

necessary.

From the other point of view, ontology should splekpresent physical
existence that is independent from human concap&d@n (Smith 2004). In
scientific endeavor, where realism—materialismdsped as the doctrine, physical
existence and human conceptualization are detacredl,this detachment enables
ontology’s independence from human conceptualinatBy representing existence
rather than concept, ontology has the power toesshmantic heterogeneity problem.
This study as a semantic integration attempt ussspower through embracing a

unique view of ontology (section 1.1.3).

1.1.2 Ontology Enabling Semantic Integration

Based on ontology, semantics are expressed as fgnaloal difference in the
expressing process leads to semantic heterogersstyantic integration aims to

eliminate semantic heterogeneities. Semantic hgeewty is formally defined as the



variance of semantically related objects in differdata sources (Kashyap and Sheth
1998). Different types of semantic heterogeneitiide (Goh 1997): Igonfounding
conflictsoccur when information items seem to have the sae@ning, but differ in
reality (Figure 1.2 (a)); 2haming conflictsoccur when the naming schemes of the
information differ largely (Figure 1.2 (b)); 3caling and units conflicteccur when
different reference systems are used to measuaia.vlhe scaling and units conflict
is straightforward and less challenging. To overeahe first and second type of

heterogeneity, a consideration of ontology is ipdissible.

Entity A Entity B Entity A
Ontology Ontology Ontology
A 4 \ 4 A 4
Concept A Concept B Concept A
Seme%\'i /E{r:antics /{;:N{j
Express Expressl Express2

a k
Figure 1.2 Semantic heterogeneity

In reality, two groups of physical existences A d@dare conceptualized to

concepts A and B, then semantically expressedxés te

Philosophical ontology and engineering-oriented olmgy solve semantic
heterogeneity in theory and in practice respectivéh theory, we define ontology as
a representation of existence, and it providepti@sophical foundation of semantic
integration. Based on ontology (independent ofceptualization), semantics are
expressed differently from person to person. Thiference in expression leads to

the semantic heterogeneity problem. Therefore, wdgnantic heterogeneity has to



be overcome, there always is ontology serving laase that heterogeneous semantic
expressions can return to. To sum up, philosoplocdology makes semantic

integration theoretically feasible.

In practice, ontology is used as an explicit speaiion of a conceptualization
namely “a theory of a given domain which can beepted and reused by all
information gatherers in that domain” (Smith andrk3001). Based on this use of
ontology, ontological engineering was developed. @émtology, in this sense,
concerns itself not at all with the question ofaagical realism, that is, the question
whether its conceptualizations are true of somepeddently existing reality. Rather,
it starts with conceptualizations, and goes frorereghto a description of the
corresponding domain of objects (Smith and Mark 1200Vith this function,
ontologies (plural only meaningful in this sensah ®e used in an integration task to
describe the semantics of the information sourtéacheet al. 2001). Developing
an information system always relies on ontology liaiy or explicitly; making it
explicit avoids conflicts between the ontologicabncepts and implementation
(Fonseceet al. 2002). Having (engineering-oriented) ontologiegirced explicitly,
semantic integration is accomplished based on ogicdl matching (or rebuilding)
(Uitermarket al. 1999, Fonsecat al. 2002, Lin and Ludascher 2003, Kavouras 2005,

Durbhaet al.2009).

1.1.3 Ontology Built on Universals

In this semantic integration effort, we adopt Ba@ipith’s definition of ontology

as the representation of universals (Smith 2004he unique advantage of this



definition lies in its key -universal, and we will start explaining it by differentiagn

category and concept.

Category and concept are different. Concept isrtftegmation item that linked
to cognitive semantics. Category, on the othedhana grouping of existences in the
real world. A concept may have no instances irrélaé world (i.e. abstract concept),
and a category may be a random selection of existeand links to no semantics.
Smith and Mark (2001) pointed out that each ‘vabdientific concept must have
instances; otherwise it is worthless in terms oerddic research as scientific
research is meant to find rules. Based on thistmdiview, Smith (2004) introduced
universal as the invariant in reality deduced fribia commonality of instances, and
defined ontology as the representation of universBly his definition, universal must
link to semantics as concept does. At the same, timiversal must have instances as

a category does, and each universal stands faotinenonality of its instances.

The main advantage of considering concepts as rgailgeis that we could
incorporate instance level information in semantiegration. Semantic integration
aims to determine the relations between concepts, this is based on the
measurement of their semantic similarities (Euzeraatd Shvaiko 2007).
Acknowledging concept as universal, we could meadine similarity between
concepts not only by comparing their semantic esgiom (e.g. text, semantic
taxonomy) (illustrated as approach 1 in Figure 1i®)t also by comparing their
instances (approach 2 in Figure 1.3). The semantgration methods using

instance level information are termezktensional methods, in contrast to the



intensional methods that concerned with concept-level (i.encept definitions)

and/or schema-level (i.e. hierarchy in taxonomfgrimation.

Collection Collection
of entity A of entity B
Oeratlon Obsewgy
Universal A DataA @ DataB Universal B
Serﬁ%‘s / \ ‘S?té‘ntlcs
Expressl Express2

Figure 1.3 Semantic integration approaches: intesi approach (1) and

extensional approach (2)

1.2 Semantic Integration of LULC Information

One of the most important issues of interoperabist needed in LULC data.
LULC has environmental impacts on many differerpiearts throughout the globe;
examples include the global carbon cycle, globmhaie, atmospheric composition,
regional climates (through changing surface eneeamd water balance),
hydrologic cycle, anthropogenic nutrient inputsthie biosphere from fertilizers and
atmospheric pollutants, water quality, coastal teshwater ecosystems, biodiversity
(through the loss, modification, and fragmentatadnhabitats), degradation of soil
and water, overexploitation of native species, &whl food supply (Foley et al.
2005). Evaluating the impacts of LULC requires ihiegration of multiple LULC
data sources, as a single source cannot providguatke accuracy or geographic

coverage.



This research aims to address a fundamental gdugehmuestion: how it is
possible to integrate and compare LULC informatienived by different authorities
using very different classificatory approaches. $éet by reviewing current semantic

integration methods in Geographic Information Scee(GI Science).

1.2.1 Semantic Integration Methods in Gl Science

Semantic integration is achieved through ontoldgynanent, which requires the
measurement of similarities between concepts. 8iityl theory was originally
developed for psychological models to explain hwsianmlarity judgment.
Schwering (2008) summarized five main categories saimantic similarity
measurements and illustrated the potential appdicaih Gl Science of each category.
Based on different notions on the knowledge remtasien and similarity calculation,
these categories are geometric, feature-based, orietwalignment and
transformational methods. A similar categorizat@an also be found in Goldstone
and Son’s work (2005). In addition to these methoglsent research incorporates the

information theory in the similarity measurement.
Geometric model

The geometric model uses a distance in a multidseal space to represent
similarity (Rips et al. 1973, Gardenfors 2000). fEadimension of the space
corresponds to a quantitative property of concepth the property value being
proportional to the dimensional coordinate. A cqias then projected to a vector.
Based on this multidimensional vector space reptafen of semantics, the

similarity is measured as the linear decay functibthe distance between vectors.



When applying the geometric model, it is necessarguantify properties of
each concept, and an underlying assumption is ralbesties (dimensions in the

vector space) are independent.
Feature-based model

The feature-based model is widely used (Kavouraal.e2005, Rodriguez and
Egenhofer 2004) since invented in the 1970s (Twel€k’7). Semantic features are
defined as a concept’s distinguishing classifisxsch as attributes, functions, and
parts (Miller 1990). The “universe of discourse’e(fg and Flewelling 2004), which
maintains a complete collection of features that iresent all concepts in current
context, is built. Then a common model, a contnastlel, or a ratio model (Tversky

1977) can be employed to compute similarity frorarsd and different features.

The feature-based model cannot handle disjointiaiityi i.e. where there are no
shared features. Also it is impossible to find enptete set of characteristic attributes
describing a real world object. The major problesntdo choose representative

attributes (Kuhn 1995).
Network model

The network model is always an intuitive choice whbe concepts to be
compared form a taxonomy-like structure, in whiatdes represent concepts, and
edges represent semantic relations between condS&ptsna and Cruz 2007).
Semantic similarity is measured by the shortesh gagtween nodes (concepts)
(Collins and Quillian 1969). Traditional semantatations attach much importance

to hyponymy and hypernymy, but do not consider wiegical (part-of) relations,
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which describe the relation between parts and wholdereological (or partial)

relation is introduced to the semantic network rafno’s work (1995).

The network model is determined by the predefinemantic network
architecture. Resnik (1995) pointed out that thevaogk model and the edge-counting
method rely on the notion that “links in the taxomorepresent uniform distances”,
which is usually not true: “there is a wide varldpiin the ‘distance’ covered by a
single taxonomic link, particularly when certainbsiaxonomies are much denser

than others (Resnik 1995)".
Alignment model

Developed from feature-based model, the alignmemdehnot only measures
the feature-based similarity, but also consideesalignment of features and includes
it into similarity measurement (Goldstone 1994)eTdlignment model is applied to
spatial scene comparison, where objects are cowside be features and the spatial

relation between objects contributes matching.
Information-theoretic model

Many recent approaches incorporate information ieasaring semantic
similarity. Lin (1998) proposed an information-tmetic definition of similarity,
derived from a set of assumptions on similarityhie way the entropy/information is
defined. Based on the notion that shared informatiorresponds to similarity, Lin
formally defines the similaritys{m) betweerA andB as

2logP (commor A B)
log P(descriptior{ A B)’

sim(A B =
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in which common(A,B)is the amount of information needed to describe th
commonality ofA andB, description(A,B)s the information needed to fully describe
both A and B. Based on Lin’s similarity in taxonomy, Resnik B9 proposed a
measure of semantic similarity using WordNet (Falilm 1998). Formally, Resnik

defines the similaritysim) between conce andc; as

sim(q, ¢) = max [ log p(0)]
c S(g,6) ,

whereS(q,c,) is the set of concepts that subsume lopthndc,, or in WordNet, set

of hyponyms of botle; andc,, andp(c) is the probability of’s occurrence.
Extensional methods

The discussion above summarized widely used semartggration methods
adopting an intensional approach, as all their Kadge representations, including
guantitative properties, position in taxonomy, feas, and occurrence pattern all

relates to a concept rather than instances.

There are also a few works using information spetdf instances. For example,
Ehrig et al. (2005) developed a comprehensive freonle for measuring similarity
within a single ontology. Their framework is defthé three layers on which the
similarity between concepts can be measured usisigince level, conceptual, and
contextual information respectively. Then the samily is aggregated as a weighed
average of the individual similarities from eackda Based on Ehrig et al.’s work,
Albertoni and De Martino (2008) proposed an asymimetimilarity assessment

among instances belonging to the same ontology.
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1.2.2 Two Approaches to Semantically Integrating LULC Classification

Systems

LULC data are described by LULC classification syss. The interoperability
of LULC data depends on the semantic integratiobldlfC classification systems. A
typical LULC classification system organizes LULGtegories in a taxonomic
structure, in which each category is defined byma (label) and often followed by a

textual description.

From the above review on semantic integration nughove find not all
integration methods are applicable to LULC clasaifion systems, because external
references or repositories commonly used in genseimantic methods are not
available in the study of LULC. For example, a amgor training purposes is
essential to the information-theoretic model. Butthe study of LULC, a general
purpose corpus is not applicable, because LULCgoayedescriptions, written and
read by land use experts on the purpose of a gaesgecification, are different from
a general-purpose corpus in terms of vocabularydwsense and frequency, and the

length of paragraphs.

As for the network model, the soundness of semamgcarchy (taxonomy)
determines the performance of similarity measurém@rhile upper ontology (an
ontology describing shared concepts across knowledgmains), such as Cyc

(http://www.cyc.com), DOLCE http://www.loa-cnr.ittDOLCE.htm)| and WordNet,

is too general to compare concepts from a narrowailo such as LULC, no domain
ontology exists in LULC because “a lot of effortrisquired to construct ontology

from scratch not just from a technical point ofwibut more importantly the process
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of knowledge extraction from domain experts andvieng at a consensus view”
(Bhogal et al. 2007). The design and constructibrd@main ontology is labor

intensive, time consuming and difficult (Kashyap02).

Ruling out information-theoretic model and netwarlodel, many research
works in semantic integration of LULC informatioreébased on the use of features.
In chapter 2, we will further discuss the appliti&épand drawbacks of these methods,
and then propose a new information retrieval apgroep semantically integrate
LULC classification systems, which can overcomerentr methods’ limitation in

applicability and improve the performance.

Adopting Smith’s definition of ontology (Smith 2004section 1.1.3), we find
that LULC categories are universals. A LULC catggarot only as a real world
concept implies semantics, but also is populatedndividual parcels of its kind,
which are directly monitored by modern earth obsgrtechnologies, such as remote
sensing. Hence, as explained in section 1.1.3largdrated in Figure 1.3, in addition
to an intensional method that uses semantic expressan extensional method that

uses the remote sensing information attached tefsashould be available.

However, existing methods of semantic integratidn L&JLC information
regrettably have not taken the important advantdgemote sensing. In chapter 3,
we will present a remote sensing based approatttetsemantic integration of LULC
classification systems. We will use spectral andui@l information derived from
time series remotely sensed data to calculate ithigagty between LULC parcels,
and adopt an extensional approach to measure siyniteetween LULC categories.

Then in chapter 4, we will test the generality lnd temote sensing based method on
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more LULC information. In chapter 5, we will try aptimize the matching algorithm

by refining the input and reduce procedure errors.

In chapter 6, we will present the improved matchiegult through integrating
both intensional and extensional approaches. Nuportantly, we will prove, by
combining the two approaches, we can have thetyaldi discover confounding
conflicts and reconcile naming conflicts. Conclusicand future directions will be

given in chapter 7.
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Chapter 2: Employing Information Retrieval Methods
Improve Semantic Integration of LULC Data

2.1 Introduction

The interoperability of land use and land cover (I3) data derived by different
state authorities using different classificatorypraches is crucial to accurately
capture regional land use dynamics, which has gradmon environment and socio-
economics (Foley et al. 2005). Data interoperabitiequires different levels of
integration (Sheth 1999). Among them, semanticgirstion is widely considered
challenging (Rodriguez et al. 1999, Sboui et aD7)0and will be the focus of this

dissertation.

LULC data are described by LULC classification sys$. A typical LULC
classification system organizes LULC categories itaxonomy structure, in which
each category is defined by a name (label) andtaakdescription. The semantics of
LULC data are expressed in textual definitions (esrand descriptions). Therefore,
semantically integrating different LULC data reesirus to compare the definitions
of LULC categories in different classification systs. The originality of the
approach in this chapter is to apply methods in enodnformation retrieval to
achieve this comparison. Thanks to this applicatnmt only better integration results
will be achieved, but also, unlike existing methodar method does not rely on

comparable characteristics, which are difficulexract from textual descriptions.

But before we jump into the discussion on methogyldt is necessary to take a
brief review on current semantic integration methad Geographic Information

Science (Gl Science) and their applicability in LOktlassification systems.
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2.1.1 Semantic Integration in Gl Science

Semantic integration aims to determine the relatiostween concepts, and this
is based on the measurement of their semantic agittres (Euzenat and Shvaiko
2007). Similarity theory was originally developedr fpsychological models to
explain human similarity judgment. Schwering (2088jnmarized five categories of
semantic similarity measurement and exemplify tlueemptial application in Gl
Science of each category of measurement. Based ifteredt notions on the
knowledge representation and similarity, the catiegoare geometric, feature,
network, alignment and transformational methods.attdition to these methods,
recent research incorporates information in theilarity measurement. Table 2.1
listed the representative works for each type dfhiods, and a detailed specification
of each model's knowledge representation and siityilaalculation can be found in
section 1.2.1.

Table 2.1 Methods to compare geospatial universals

Model Representative work

Geometric model Rips et al. 1973, Gardenfors 2000,
Schwering & Raubal 2005-2

Feature-based model Kavouras et al. 2005, Rodriguegenhofer 2004,
Ahlgvist 2005, 2008

Network model Sunna & Cruz 2007

Alignment model Goldstone 1994

Information-theoretic Lin 1998, Resnik 1999

model

2.1.2 Distinctiveness of LULC Category Descriptions

In section 1.2.2, we explained that not all genesemantic methods are
applicable to the integration of the LULC classafion systems, because external

references or repositories commonly used in gersginantic methods (such as a
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corpus or domain ontology) are not available irs @l hoc semantic integration.
Hence, many research works in semantic integratfddJLC classification systems

are based on the use of features.

FAO (Mucher et al., 1993) proposed a parametriad lapnver classification
system, in which categories are defined by a coatlmn of a set of independent
diagnostic criteria or classifiers. Gregorio andis&n (1998) claimed that any land
cover identified anywhere in the world can be radiccommodated in this
parametric classification. However, this claim igecoptimistic, since translating
existing systems will be difficult itself, not toention the errors introduced in the

translation.

Different from FAQO’s “top-down” approach, many atipts of integrating
existing LULC classification systems adopt a “bottap” approach. Based on Miller
et al.’s work (1990) that categorized features iatwibutes, functions, and parts,
Kavouras et al. (2005) extracted features from téheual description of a LULC
category. Feng and Flewelling (2004) extended thadel by assigning weight,
which is calculated from classification taxonomgy, ¢ach feature. Rodriguez and
colleagues (Rodriguez et al. 1999, Rodriguez & Bgéer 2003, 2004) extended the
model by introducing asymmetry in the similaritylatdation. Adopting features
defined by FAO (Mucher et al., 1993), Ahlgvist (3)@eveloped a fuzzy sets based
approach to quantify semantic change between twegodes in NLCD 1992 and

2001 systems.

Approaching similarity measurement differently, 8anand Cruz (2007)

focused on local structure (parents and siblingsaofoncept) of the taxonomy
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structure, and used it as the contextual informatia semantic similarity
measurement. However, this method is limited bezauselied on initial similarity

values, which must be calculated using other siitylaneasurements beforehand.

Kavouras and Kokla (2002) proposed a concept é&atbased approach to
formalize the comparison of land use categories\gusheir subcategories and
attributes. However, the requirement of a cleam-oeerlapped and unambiguous

identification of the attributes is difficult to rae

In a nutshell, these semantic integration methadsig textual description has a
major drawback: it is rather difficult to definemparable semantic representations,
either the “features” in feature-based model, thigributes” in concept lattice, or the
“dimensions” in geometric model. Natural languagecpssing (NLP) techniques are
employed to automate this process, but satisfactesylts are only obtained in
narrowly restricted domains (Cunningham et al. 20B8ng & McCallum 2006).
Kuhn (1995) has pointed out the problem of choosamgesentative characteristics to
describe a real world object. But in addition tohikis concern, when integrating
LULC classification systems, pre-selected repreges@ characteristics may not even
be explicitly defined in category descriptions, riotmention being extracted and

used in comparison.

To tackle this problem, we borrowed the method @hparing documents in
information retrieval, and applied it to the senmanintegration of LULC
classification system. Information retrieval isding material (usually documents) of
an unstructured nature (usually text) that satishe information need from within

large collections (usually stored on computers) r{Mag et al. 2008). Since the
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emergence of World Wide Web, information retrietials been developing fast in
recent years, and always been providing the thieatdbundation to modern web
search engines. Bag-of-words representation anshe@smilarity is the basics of
information retrieval and the heart of search eagihhe success of today’s search
engines justified their capability of comparing dowents, which suggests the
rationale of applying them to the comparison oftdek descriptions of LULC
categories. In the rest of this chapter, secti@vidll specify what the information
retrieval method is and how it can be applied tointegration problem, and several
variations of the algorithm are introduced along way. Section 2.3 will present the

result and summarize advantages and drawbacks afppuoach.

2.2 Methodology

Adopting an information retrieval approach, catggalescriptions are first
represented in bag-of-words model (2.2.1). Theraor space model (VSM) is built
upon term frequency and inverse document frequemcye collection of LULC
category descriptions. A cosine similarity betwesategory descriptions is then
calculated (2.2.2). In section 2.2.3 and 2.2.4, tpmssible optimizations on
emphasizing keywords (2.2.3) and incorporating segimarelatedness (2.2.4) are

discussed.

2.2.1 Bag-of-Words Model

The bag-of-words model (Harris 1954) is a simpfityimodel representing
documents. In this model, a text (i.e. a paragddtULC description) is represented

as an unordered collection of words appeared intélg disregarding grammar,
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structure, and the order of words (Manning et @08). This simple representation is
successful in information retrieval, because éffective in indexing, invert indexing,
and document comparison. However, the bag-of-warelsresentation has no

consideration of the structure, syntax and semsantic

Noise Word Filter

In the bag-of-words model, noise words, or “stoprdgd, are words that are
common, short, and functioning words, such asifhe&t, which and on. These words
are of little semantic importance, but may bias simailarity measurement. Noise
words need to be filtered out. There are two waysuild the noise word list. Either
it can be defined by experts (human input), or eattically generated by analyzing
the frequency of words in training corpus. In thésearch, there is no applicable

corpus for training purposes, and the noise waitddipre-defined manually.

Morphological Analysis

Morphological variance can also confuse the bagrfds model. The popular
morphological analysis in search engine is stempamgong which Porter stemmer
(Porter 1980) is popular. Porter stemmer is a hdsed stemmer, which apply a

group of rules to an input word and transform iatstem.

Despite its wide application in information retr&yvstemmer is not applicable in
this research because of two reasons. First, steaganot be words. For example, the
word ‘capability’ will be stemmed to ‘capabl’, whids not a word. In information
retrieval, this is not a problem, because the syste based on string rather than
semantics. As long as the stemmer conflates thepmotogical variances (e.g.

capability and capabilities) to the same stringpétd), the information retrieval

21



system can use this string to do the indexing, rinvelexing, and execute queries.
However, stems are not enough in this researchusecane of our optimization will
consider the semantics by querying words in Wordhetvhich entries need to be

well-spelled words.

Second, stemmer has the error of omission and cssioni. The error of
omission happens when the simple rule-based stegncomflates morphological
variances of one word into different stems. Fornepie, the word ‘explain’ and
‘explanation’ will be stemmed to ‘explain’ and ‘dap’ respectively. The error of
commission happens when the stemming conflates hotwgical variances of
different words into one same stem. For exampléh buniversity’ and ‘universe’
will be stemmed to ‘univers’. Omission and comnosswill bring irreversible error

to the system.

The other type of morphological analyzer is lexitm@sed, in which each word
is queried in a huge predefined morphological vemrda list, and then its
morphological root is returned. A lexicon-based pimiogical analyzer is accurate,

but cumbersome and inefficient.

To combine the advantages of both approachesrésmsarch adopts a hybrid
morphological analyzer called “Morphy”, which isedasin the WordNet (Fellbaum
1998). WordNet is a widely used, broad-coverageasgim network for English,
developed at the Cognitive Science Laboratory of trinceton University.
“Morphy” consists of an exception list and detachimailes. When an inflectional
word comes, it will first be searched in the ex@aplist, and if found, its base form

will be returned. If there are no matches in theegtion list, a set of detachment
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rules are employed to detect the inflectional egdand substitute it with the base
form. The output from applying each rule is checkedWordNet, and will be
returned as base form if its spelling is right. 8ovariances, such as ‘axes’, can have
more than one base form (i.e. ‘axe’ and ‘axis’g thist base form is returned. Thus

the rules are ordered by popularity.

In section 2.3, as an effort of optimization, wepdmyged syntactic parsing,
negation detection, and extraction strategy totecaun phrases, and ultimately, the
keywords. In this effort, the category descriptismo longer treated as a plain bag-
of-words; instead, the structure and syntax aresidened. Only after the keyword
extraction, the bag-of-words representation isragdopted to represent the category

description.

2.2.2 Weighting Words and Cosine Similarity

Having each category description represented amgaobwords, the frequency
of each word is then calculated. Clearly, all woirdshe description are not equally
important in comparing two categories: the word tlsamentioned more often in a
description is more important to describing thategary, thus, if shared by two
categories, a word with high occurrence brings maeght to the similarity
measurement.

Towards this end, a weight, which reflects the nemdf occurrences of a word
in a description, is assigned to each word in esdcription. Then a score between a
wordt and a descriptiod, based on the weight bin d can be simply defined as the

number of occurrences of wotdh document. This weighting scheme is referred to
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as “term frequency” and is denoteghtiwith the subscripts denoting the word and the

description in order (Manning et al. 2008).

In addition to term frequency, another considerai® that the discriminating
power of each word varies depending on its occagean the whole collection of
category descriptions: the more often a word isnseethe collection, the less
discriminating power it has. A mechanism is neededfollow this trend. An
immediate thought is to scale down the weights @ffds with high collection
frequency by the total number of occurrences ofoadwn the collection. However,
this collection-wide statistic is proven by manypexments to be less effective than
document-level statistic, i.e. the number of dedmns containing a specific word.
Towards this end, the inverse document frequendfy Gf a termt is defined as
follows:

. N
idf. =log—,
t gdf

t
in which N denotes the total number of descriptions collection, and gidenotes
description frequency, defined to be the numbedtasicriptions in the collection that
contains the word t. By its definition, the idf @frare word is high, whereas the idf of
a frequent word is low.

Combining the term frequency and inverse documeguency, the composite

weighting scheme tf-idf assigns to word t in dgstton d a weight given by
tfidf, , =tf " idf,.

Then each description builds a document vector fiterbag of words, with one

component corresponding to a word in the collegttogether with the tf-idf weight
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for each component. If a word does not occur indéscription, the weight for the
corresponding component is 0. Based on documertbiyethe similarity between
descriptionds and descriptiom, is defined as the cosine of the angle betweevtbe

corresponding document vectgysandg , that is,

d,>d
\/dk ><jk \/dl >QjI

sim(d,,d,) = cos(,,d,) =

In the equation, the dot product on document vastdefined as

n

W W

dod, = ——2———,
I

in whichw;y is the tf-idf weight for word in descriptiork.

2.2.3 Optimization — Emphasizing Keywords
The classic bag-of-words model excludes stop wordlse representation based
on statistics or human input rather than semardied,the weighting scheme is based
on occurrences but semantics. In this section, rweot develop a word weighting

scheme considering semantics.

Consider the following LULC category descriptiorlJrban areas whose use
does not require structures, or urban areas whareconforming uses characterized
by open land have become isolated.” Intuitivelyspdte the high idf value, the word
“require” should not be considered as importanivasd “open” or “urban” in terms

of representing the category. To select words gagrynore representation power,
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namely keywords, we set a bunch of testing ruleetb@n desired characteristics of a

keyword.
Keywords must be positive

In the context of describing LULC categories, nedaand exclusive words do
not conform with the intention of the concept. FExample, in the description of
Beaches: “extensive shoreline areas of sand andelg@ccumulation, with no
vegetative cover or other land use”, the negatetl“pagetative cover or other land
use” falls out of the scope of the concept, andefioee should not be considered
when extracting keywords. An example of exclusiam ®e found in the category
description: “Included are golf courses, parks,reation areas (except areas
associated with schools or other institutions), emes, and entrapped agricultural
and undeveloped land within urban areas.” In trestence, the phrase “areas
associated with schools or other institutions” exeluded from the description of the

category, and hence would be excluded from keywsetkction.
Keywords are in noun phrases

In English, a noun phrase (NP) consists of thearamun(s) and the modifier(s),
both of which are indispensable in expressing tireapgiete meaning. For example, a
NP ‘single family’ has the center word ‘family’ ams modifier ‘single’. It takes both
‘family’ and ‘single’ to complete the semantics.

In the context of describing LULC categories, tise wf verbs and adverbs is
mostly just for syntactic purpose. Other parts peech, such as the pronouns and
conjunctions, also contribute little to categorynstics. The NPs carry most of the

semantics of a category, and therefore should leel s extract keywords. For
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example, category “Phragmites Dominate Urban Area$ the description: “This
category contains urban areas where the common, rBadagmites australis
dominates.” and the NPs in the description ares“dategory”, “urban areas”, and
“the common reed, phragmites australis”, carrying tomplete semantics. Words

outside NPs, i.e. “contain” and “where”, are dilditsemantic importance.
NO “Noise words” in keywords

In the context of describing LULC categories, woli#te land, use, area, etc.,
although not in a general purpose stop word list, ssed so pervasively that they
drown out real informative words. Moreover, evewdrds like “land” are not found
in a paragraph of description, still no extra imfation is gained. These words’
occurrence in this context is pervasive, predietabhd therefore of little semantic
importance. Hence, these words should also be @adltrom keyword selection.

Figure 2.1 shows the workflow and main steps ofnkay extraction. The whole

process, divided into 6 consequential modules, baltliscussed in order.

Preprocessing

Preprocessing is the preliminary processing oluxtiescription to prepare it as
formal as possible in order to be accurately patsec syntactic parser. Steps in
preprocessing include: formatting structural hejerwity, consolidating the word
and symbol use, and breaking the paragraph intesess to facilitate parsing. To
avoid introducing errors, it is important to cordipreprocessing on format level. The
syntax and semantics of the texts do not changeejprocessing.

In consolidating word and symbol use, compound wordemantically

indivisibles, are broken into single words. For rapée, “military_installation” will
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be broken into “military” and “installation”. Buhiterms of semantics, the whole (e.qg.
military installation) is more than the sum of parts (military and installation).

Hence, compounds must be restored in later stages.

Textual description

'

Preprocessing

v
v

Negation Detection

'

NP Extraction

'

Noise Word Filter

'

Morphological Analyzer

!

Keywords

Parsing

Figure 2.1 Flowchart of Keyword Extraction

Parsing

In natural language processing (NLP), parsing, @remformally, syntactic
analysis, is the process of analyzing a sequencevatfls to determine their
grammatical structure with respect to a given fdrgrammar. Given a sequence of
words, a parser assigns each word a part of sp@e0Oi%) tag (i.e. noun, verb,
adjective, pronoun, etc.), forms units like suhjerb, object, and determines the

relations between these units according to sonmamea formalism. In this research,
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the Berkeley Parser (Klein and Manning 2001) ispaeld, because it is one of the

most accurate and fastest parsers for a varidgngtiages, including English.

Negation Detection

One characteristic of keywords is the positivity. the context of describing
LULC categories, negated and exclusive phrasetoamform with the intention of
the concept. Negation and exclusion indicator w@r@s not, no, except, excluding,
excluded, etc.) are located. Then the scope oftioegar exclusion is decided, and
content within the scope will be discarded fromwexd extraction. Algorithm such
as NegEx2 (Chapman et al. 2001) decides the negatg without parsing, but it is
less accurate. As we already have parsed sentefficeing the scope is
straightforward and accurate — it is the immedgtetactic component containing a

negation/exclusion indicator.

Noun Phrase Extraction

The noun phrases are marked during parsing, andnanin phrases falling out

of the scope of negation and exclusion will be aottd.

For a nesting NP (a NP that contains one or moneroNP(s)), we need to
decide which NP within should be used to extracpwiards. For example, NP
“schools or other institutions” is a nesting NP, iethcontains NP “schools” and NP
“other institutions”. Selecting NPs to extract keyds is on the tradeoff between two
processing gains. On one hand, the list of keywshdsild be kept short, otherwise
using keyword is not different from the traditioreg-of-words model. To this end,
we should use the NPs on the deepest nesting teesltract the keywords. On the

other hand, the list of keywords should be completeing the process of narrowing
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down to NPs on the deepest level, semantics losgalthe elimination of potential
keywords is hard to avoid. Finding a one-sizedisstrategy to extract minimum
NPs without losing semantics is hard. Considerivggemantics loss is irreversible,
our approach is to keep all NPs (in the nestingg, ta remove redundant keywords in

a later processing.

In a parsed sentence, the scopes of NPs and tlagedegy exclusive parts will
never overlap, because the English grammar, wkicbntext-free, allows nesting but
not overlapping. As the scope of a negation orwesich word is within its direct
component, NPs fall within this scope will, as aokh be removed. A NP containing
the negated or excluded scope will only have igated or excluded part taken out,

while the rest remains.

Compound Restoration

A NP consists of a central word and one or sevaifiers. The structure of
NP is analyzed to restore compound words. Therénareypes of structures, the flat
structure and the nesting structure. A NP in flaticgure has no NPs or other
components nested, and the central word is thetnniggt noun. The potential
compound is generated by adding different comtonatiof modifiers in front of the
central noun. Then the potential compound is searam WordNet, and if found, the
compound is restored. The searching starts frompthitential compound with all
modifiers, and if not found, it is shortened byaddiling the farthest modifier and
searched again until found. A nesting NP contatheroNP(s) at some position, and

can be treated recursively.
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At this point, keywords are extracted from textudscriptions of LULC
categories. A way to emphasize keywords in compadascriptions is to assign
heavier weights to keywords. In this research, witiply the weights of keywords
by 1.5 to emphasize their importance. In sectién this keyword-enhanced model is
compared with the model without keyword enhancenaent the model using only

keywords.

2.2.4 Optimization — Incorporating Semantics in Similarity Calculation

In the classic dot product of document vectorsti@ec2.2.2), an underlying
assumption is that the components in the vectarespee pair wise orthogonal. This
means all words, corresponding to components, ratependent, and the semantic

relatedness (synonym, hyponym, or meronym) betvaegriwo words is negligible.

However, this assumption is over-simplifying thelity, as there are word
mismatches between documents. For example, we raay tow compare two LULC
categories “retail” and “commercial”’, and assumdalyh of the two contain only one
word, i.e. “retail” and “commercial” respectivelysing classic dot product equation,
the similarity between these two categories is éialise they do not share words
based on string match. However, term “retail” andrtimercial” are not independent
but related semantically. Therefore, incorporatsegnantic relatedness between the
terms in the vector space model and/or similardigwation becomes necessary (Chu

et al. 2002).
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Unsuitability of Expansion

In information retrieval, expansion is the proce$®xpanding the terms in a
document to match additional documents, and itidely used to deal with word
mismatch. In the previous example, if we expanawbals retail and commercial by
adding in their related terms e.g. shopping, timailarity between the two will be

correctly increased.

Expansion can be achieved by human or by machiasicEexpansion involves
techniques such as: adding in synonyms, hyperngntsmmeronyms (Buscaldi 2005).
More delicate expansion techniques have two appesacglobal knowledge and
local feedback. Global knowledge approach analyhescorpus to discover word
relationships, while local feedback approach aredydocuments retrieved by the
initial query (Xu 1996). Bhogal et al. (2007) theeparated global knowledge into
two categories. One is corpus dependant knowlegelge language model, like word-
word co-occurrence, trained from corpus); the otheorpus independent knowledge

(e.g. WordNet).

Local feedback and corpus dependant knowledge atréeasible in matching
the LULC classification systems. But it seems cerpudependent knowledge might
be beneficial, because the category descriptionsedative short and may miss terms
that will be string matched to related descriptior®wever, a major hurdle in
expansion is word sense disambiguation (WSD), lsaxpansion should only
performed on the intended meaning of keywords, ratise expansion would

decrease the precision.
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WSD is still an open question in the NLP communisgveral efforts are
contributing and effective in specific cases (Rkst#99, Navigi and Velardi 2003).
And due to the nature of the problem, all WSD mdthemploy a training process,
meaning a corpus and/or a thesaurus are needech\timg knowledge about word
senses based on usage and/or language model @oBierent methods may have
different requirements on the corpus. While a saisil amount of untagged corpus
would be adequate for some methods (Yarowsky 199&)ye methods may need
tagged and disambiguated corpus to achieve higlracyg (Mihalcea and Moldovan
2001). As discussed before, domain specific coiipusot available. But even it is
available, Voorhees’s experiments (1993) indicdiat tshort statements (such as
category descriptions) can be difficult to disamiaite because the “is-a” hierarchy is

not sufficient to reliably select the correct seatéhe noun.

With WSD inapplicable due to lack of corpus or l@gcuracy, expansion
method is not a reliable method to handle word ratsimin this research. Instead, it

is solved by incorporating semantic relation inikanity calculation.

There are two approaches to quantify the semastatedness between two
words. The first one is based on semantic taxoneomgh as WordNet (Zhou and Wei
2008), and the second one is based on the co-ecoarof words, termed Latent
Semantic Analysis (LSA) (Deerwester et al. 1990)this research, we compare two
approaches and try to choose the one with bettdorpgance on LULC category

descriptions.
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Quantifying Semantics Using WordNet

As introduced in section 2.1.1 network model, givencomplete semantic
network, the semantic similarity between two consegepends on the shortest
distance between their corresponding nodes in ¢teark (Rodriguez et al. 1999).

The shorter the distance, the more similar thedarcepts are.

In WordNet, there are 19 kinds of relations for tleeins and 9 for the adjectives,
including semantic and lexical relations. In a grappresentation of WordNet (Fig
2.2), in which concepts (called “synsets” in WordNare the nodes and semantic
relations are the edges. Quantitatively, the seimaetatedness is defined to be
inverse proportional to the number of “hops” aldhg shortest path between the two
concepts in WordNet, that is,

1
d(c.c;)

s(c.¢,) =

In the equationd(c; , ¢j) is the number of hops between concegpandc; in

WordNet.

\c
\m <»
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L5723

Figure 2.2 Subgraph of WordNet
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The breadth-first search algorithm (BFS) is usedfital the shortest path
between two nodes. It is worth noticing that antaayhave opposite contribution to
semantic similarity and therefore will terminatesearch for semantic relatedness
immediately.

Now we can calculate the semantic relatedness batwencepts, but what we
need in comparing two LULC descriptions is the saticaelatedness between words.
For monosemous words, these two are equivaletteas s only one concept behind
each word. For polysemous words, each of whichessrts multiple concepts, the
semantic relatedness between words is set to beltisest semantic relatedness
among all pair wise conceptual relationships (Red1®99). For example, consider
how the similarity between word “field” and worddiaculture” would be decided. In
all concepts behind “field”, “a piece of land” hake closet relationship with
“agriculture”, and using this concept to calculamantic relatedness is correct in
this context. The equation computing similarityvbe¢n ternt; and ternt; is then as

follows,

St-,t- = max ,
(' J) qTC(ti),ciTC(tj)[d(Cl,Cj)]

in which C(t)) is the set of all concepts correspond to term

Adopting the term similaritg(t; , t;), the dot product is extended as follows,

_ S(\Ni,k'Wj i )Wi,ij |

d d = L]
k | )
\/ S(Wi,k’Wj,k)Wi,ij,k\/ S(W,, W, )W W
i i
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in which

S\W ., W, :Sti,t = max
( ik ],I) ( ]) qic(ti)ijTC(tj)[d(Cl,Cj)

].

Then if the term similarity is reduced to the Kroker delta function,

1i=]

W, W) =0, =

the dot product is reduced to classic equatiom &s2.2.
Quantifying Semantics Using Latent Semantic Analysi

Different from the WordNet approach, latent senw@atialysis (LSA) is based
on an assumption that words that are closely mlatesemantics tend to occur
together in text, and therefore have similar oanee distribute through the whole
collection of documents. Now let us consider a tdooument matrix, whose rows
correspond to terms (words), columns corresportbtaments (LULC descriptions),
and each value corresponds to the occurrencearfraih a document. A technique in
linear algebra called singular value decomposi(leviD) is employed to decompose
the matrix and reduce the number of rows (word¥)D $s not a total stranger to
Geography community as it is the counterpart ofeRiglecomposition for a non-
square matrix; both decompositions are the fouodabf principle component

analysis (PCA), which has many applications in restycssensed image processing.

The output of LSA is a low rank approximation oétbariginal term-document
matrix. Each description is represented by a lomk reector, based on which the
cosine similarity between descriptions is calcuat€omparing to the original, the

low rank approximation is much smaller and lesssyioiMore importantly, the
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semantic relatedness of words is considered, agattie lowering is expected to
merge the dimensions associated with words tha¢ Bawilar occurrence distribution.
Returning to the example mentioned at the beginmhghis section, a category
named “commercial” and a category named “retailll we related, if the word
“‘commercial” and “retail” have similar occurrencatterns in the collection of LULC
descriptions. An implementation of LSA in Pythorlea “Gensim” is used in our

method (Rehurek and Sojka 2010).

2.2.5 Summary on Methodology

In this section, we presented our innovative methodcompare LULC
descriptions, in which the bag-of-words model aondie similarity are the basics,
enhanced by two optimizations aiming the distireiess of LULC descriptions. In
the first optimization, we developed the keyworchamcement strategy because a
LULC description is usually much shorter than auteag document, and keywords
have a more important role in deciding its conceptitention. In the second
optimization of incorporating semantics in simitgrcalculation, comparing lexical
semantics in WordNet is the continuation of a prasiwork (Zhou and Wei 2008)
done by a collaborator and the author, while théh@ufirst introduced latent
semantic analysis to the semantic integration oECltlassification systems in this
research. In the next section, we will presentrésailts of applying this method (and
optimizations) to the integration of LULC classdtmon systems. A discussion based

on our method’s performance follows.

37



2.3 Results and Discussion

2.3.1 Experimental Results

The experiment is to apply the method introducedsattion 2.2 to the
comparison of LULC classification systems used he State of Maryland (MD
LULC), Delaware (DE LULC), and New Jersey (NJ LUL@ppendix I). The MD
LULC data is prepared by Maryland Department of nRiag

(http://www.mdp.state.md.u3/based on aerial photo during year 2001 to 2002.

DE LULC data is downloaded from Geospatial One Stdpta portal

(http://gos2.geodata.gov/wps/portal/gpsprepared by the Office of State Planning

Coordination (OSPC) of the Budget Development, Rlagn and Administration
Section of the Delaware Office of Management and ddét

(http://stateplanning.delaware.gov/The NJ LULC data set was prepared by Aerial

Information Systems, Inc., Redlands, CA, under dfioea of the New Jersey

Department of Environmental Protection (NJDEP), éBwr of Geographic

Information System (BGISh(tp://www.state.nj.us/dep/qi¥/

The MD LULC classification system has 22 categoriezmch category is defined
by a name and a paragraph of textual descriptiongeneral, there are 20 to 30
words in the description. The NJ LULC classificatigystem is defined in 79
categories, and each category contains 40 to 8swdhere are 38 categories in DE
LULC classification system, and DE LULC is not edadited by textual descriptions,

only category nhames are given.

38



For every pair of categories from different classifion systems of the three, the
similarity values are calculated using the methoduding variations discussed in
section 2.2. For a given category, its matchingegaties are the categories with
similarity larger than a threshold. Obviously, ttieeshold controls the matching
results. A lower threshold leads to more but lessigate matching categories, while
higher threshold allows less but more accurate majccategories. Matching results

achieved by algorithm are compared against humaluation.

Human evaluation gives matching categories for eeaegory, but not the
similarity values. The matching categories are adltiby graduate students of the
Department of Geography, University of Maryland IEgé Park. Human evaluators
match LULC classification systems in a one-way i@shthat is, from the system
with more categories to the system with fewer aatieg. For example, to match NJ
LULC to MD LULC, for each category in NJ LULC claBsation system, the
evaluators pick up one matching category or sevaatthing categories from MD
LULC classification system. If two classificatiogstems (e.g. MD LULC and DE
LULC) are approximately on the same level, two-waatching is enabled by
switching the source and target. Therefore, foougs of evaluation are available to
use NJ to MD (NJ2MD), NJ to DE (NJ2DE), MD to DE [DE), and DE to MD
(DE2MD). Evaluators are informed that ‘no matchiesacceptable. The LULC map
is not revealed to evaluators; therefore evaluainaslie decisions only based on
category names and textual descriptions, rather ¢fuantitative methods and direct

observation on actual lands.
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An automated semantic based data integration metpplied to geospatial data
portals (Zhou and Wei 2008) is used for compar@ampose. The semantic similarity
measurement in that research uses a WordNet edrifdagure-based model to
compare “semantic factors” in two LULC categori@he semantic factors are
keywords extracted by eliminating stop words andated words from category

descriptions.

The metrics to evaluate the algorithm performasctné widely used precision
recall metrics. Precision can be seen as a mea$ueeactness or fidelity, whereas
recall is a measure of completeness. When usingspra and recall in matching
LULC classification systems, the set of possibléames for a given LULC category
is divided into two sets, one of which is approviegd human evaluation and
considered “correct”. Consider the multiple match@sa single category given by
human evaluation are in an alternative relationstapall is calculated as the number
of categories which are given correct match(esalggrithm divided by the number
of all categories. Precision is then computed as fthction of correct matches

retrieved by algorithm among all retrieved matches.

As the threshold increases from 0 to 1 at thevatesf 0.01, 100 pairs of recall
and precision are calculated at each thresholdngmich the general trend would
be decreasing in recall and increasing in precidased on these 100 pairs of recall
and precision, a precision-recall curve will be ti@d using the recall as an
independent variable on X axis, and the precis®a dependent variable on Y axis.
Examining the entire curve is informative yet imnstooth shape is may blur the

trend. To remove the jiggles, the classic simlificn is the 11-point interpolated
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precision (Manning et. al. 2008), which measuresititerpolated precision at the 11
recall levels of 0.0, 0.1, 0.2, . . ., 1.0. Thenaaerage of this 11-point interpolated
precision can be used to compare the overall peegoce of different methods. In
Figure 2.3, we present the average of 11-pointrpotated precision of each
algorithm variation for matching DE LULC to MD LUL@a), MD LULC to DE

LULC (b), NJ LULC to MD LULC (c), and NJ LULC to DEULC (d).

Both the basic algorithm (the cosine similarity lwag-of-words representations)
and its potential optimizations (keyword enhancenar semantics incorporation)
are tested. In Figure 2.3, they are denoted bemifit labels. The first two letters in
the label indicate what are in the “bag of word&W” stands for keywords only,
“AW" for all words without keyword enhancement, “KEeyword enhancement, and
“NM” for category name only. As aforementioned K&, keywords are enhanced by
multiplying the occurrence weight by 1.5. The setpart of the label indicates the
similarity measurement: “O” stands for orthogonstaidard) vector space model,
“WN” stands for using WordNet to quantify lexicaémmantics, “LSA” stands for
latent semantic analysis, and “FB” stands for #egure-based model as comparison
(Zhou and Wei 2008). The number (1, 2, or 3) afsdrel “WN” indicates the
maximum number of “hops” that will be consideredveen nodes (words) in

WordNet.
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Figure 2.3-a Average precision when matching DE Clib MD LULC

Figure 2.3-b Average precision when matching MD GJio DE LULC
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Figure 2.3-c Average precision when matching NJ Cib MD LULC

Figure 2.3-d Average precision when matching NJ Ci4b DE LULC
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2.3.2 Discussion
Over-performing feature-based model

In Figure 2.3, one of the most dominant findingthest given the same input, our
algorithm has a great improvement over featuredbasedel (FB) in all four groups
of experiments, no matter which variation of algon is in comparison. The
performance score of feature-based model at bedtasound 60% of our algorithm
without optimizations. This result shows our algom can provide integration results

much close to human evaluations than previous works
Always Incorporating Descriptions

For each algorithm variation, using words in dggens (AW-) leads to better
performance than only using words in category na(hidg-). This result supports
our initial underlying assumption: incorporatingxtigal descriptions in semantic

integration is always favorable.
Keywords Enhancement

Removing the under-performers i.e. feature-basedeimand methods that only
use words in names, we re-organize the order ohwdstin Figure 2.3 to better

capture the comparison between different variatadraur method (Figure 2.4).

When excluding consideration of semantics duringilarity measurement,
methods using keyword enhancement (KE-O) perforettebthan methods (AW-O)
without keyword enhancement in all the four expemts, among which the largest
improvement of 4% happens when matching DE LULOVID LULC and small

improvement from 1% to 2% is achieved in other expents. We expect this result.
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But using keywords alone (KW-O), the performancerisven comparing to methods
without keyword enhancement (AW-0): 3% and 7% dmyen matching DE LULC
to MD LULC and MD LULC to DE LULC, 2% increase whaematching NJ LULC to

MD LULC, and even performance when matching NJ LUb@®E LULC.

It seems keyword extraction improves the precispmeliminating words of less
semantic importance, but it is inevitable for thegess to drop some meaningful
words along the way and reduce the conformance Astehe language in LULC
category description is supposed to be concise camdplete, it is probable the
information loss due to dropping words overshaddvesgain of precision. Methods
with keyword enhancement (KE-O), on the other handgphasized keywords without
dropping words, and hence optimized the trade-odf gave better performance than
AW-0O. When using WordNet to capture semantic refatvithin one hop, methods
with keyword enhancement (KE-WNL1) also over-perfednregular method (AW-
WN1), while methods using only keywords have anveneperformance. But if we
extend the semantic relation in WordNet deeper tm@s, using only keywords can
be beneficial occasionally. To better understansl finding, we move ahead to the
next discussion, in which we will examine the efifeeness of using WordNet and

LSA to capture semantics in LULC descriptions.

45



Figure 2.4-a Re-organized average precision wheommg DE LULC to MD LULC

Figure 2.4-b Re-organized average precision whetchimg MD LULC to DE

LULC
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Figure 2.4-c Re-organized average precision whetchimg NJ LULC to MD

LULC

Figure 2.4-d Re-organized average precision whetchimg NJ LULC to DE

LULC
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LSA or WordNet

As discussed in 2.2.4, we employed two approaciwbg;h are respectively
based on LSA and WordNet, to incorporate semaniicscomparing LULC
descriptions. As results shown in Figure 2.4, eitqgproach optimizes the methods
and leads to better matching results than method) wandard cosine similarity in
all four experiments. Moreover, methods using LS%eghe best performance in
three experiments except matching NJ LULC to DE OJIin which methods using

WordNet prevailed.

For methods using WordNet, as the searching digpetein lexical relations,
semantically remote words are more likely to bensmted, which in turn links
categories that are not considered to have aaoelati LULC classification systems.
For example, in WordNet, the word “service” and ey are related within three
hops in WordNet, which will lead to a false relatibetween Commercial and
Residential categories. As the set of retrievedchest expands, more false matches
are returned and decrease the precision. Using keywords instead of keyword
enhancement in comparison can reduce false retatien the search depth is 2, but
when searching depth is 3 (-WN3), it was hard tewi® the performance from many

false relations.

Another issue when using WordNet to quantify semamtatedness in LULC
descriptions is that important topical relationd ldLC descriptions may be omitted
in WordNet. WordNet is a repository built upon &%-and “part-of” relations.
Although there is a ‘domain of synset — TOPIC’ tiela defined in WordNet, it is

largely diluted in the whole vocabulary. Therefomegany topical relations that are
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important in measuring LULC concepts’ semantic knty are not acknowledged in
WordNet. For example, in the context of LULC, clgselated words — “agriculture”
and “cropland”, are not linked by WordNet, becansgher “is-a” nor “part-of” can

describe their topical relation.

These two issues restrict the WordNet's adaptgbilit comparing LULC
descriptions. After all, WordNet is designed to atel concepts in general.
Hypothetically, a well developed subset of WordNentaining words frequently
used in LULC context and incorporating more topiedtions could provide a better
semantic reference, but building such an ad-hocdiWer is not easier than manual

semantic integration.

The model based on LSA, on the contrary, does @aokt lthese drawbacks
because it is built upon the word frequency an@amirrence in the LULC context.
In general, it has superior performance. But wheching NJ LULC to DE LULC,
although beating standard cosine similarity, LSAhods does not perform as well as
methods using WordNet. After looking into the matghresult, we find the reason
rooting in the limitation of LSA’s fundamental assption. LSA assumes that
semantic related words tend to occur togetherh fEhis assumption is generally
true but not in all circumstances, especially wivem LULC categories are defined in
different but semantically related words, which aegely seen outside the two
descriptions. For example, Saline Marshes in NJ CUshould be matched to
Wetland DE, as marsh is a kind of wetland. Methsthg WordNet captured the

semantic relation between marsh and wetland, vii8 missed it due to the lack of
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co-occurrence of term marsh and term wetland inwhele collection of LULC

descriptions.

2.4 Conclusion on Lexical Semantic Integration

Our algorithm shows animprovement over previousufeabased method in all
four of experiments: the 11-point interpolated oo of feature-based model at its

best experiment reaches only 60% of our basic ndé&thyecision.

Based on all four experiments in this researchregemmend the methods using
LSA, which over-performed other methods in threefair LULC classification
matching experimetns. The benefit of keyword enbarent over LSA-based
methods is not obvious (less than 3%), becauseisiegas already achieved in the
low-ranking process of LSA. Considering LSA’s meaisan, we believe the larger
collection of LULC descriptions is in comparisohetbetter LSA will perform. But if
LULC category descriptions are too brief and theol@lcollection of descriptions is
too small, using co-occurrences may not be abledoncile word mismatches (e.g.
marsh and wetland). In this circumstance, the coatlin of keyword enhancement

and using WordNet to quantify semantic relatedséssild be working.

However, in the example mentioned before, lexicathods using LSA did not
match Saline Marsh to Wetland due to word mismatbh (1997) described this
incompatibility of concepts because of word misrhas one type of semantic
heterogeneity, and termed it “naming conflict”. Naghconflicts do not only happen
in LSA based methods, but can also be found in Wetdbased methods. For

example, human evaluators consider Recreation@B®fLULC and Open Urban
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Land of MD LULC to be similar. However, all the leal methods were lost in

naming conflicts and none of them achieved thischat

More importantly, all integration methods usingitak semantics have a strong
limitation. They are depending on how LULC categsrare defined (in text) rather
than how they are used in the field, but the usailga LULC category does not
necessarily follow its definition (Duckham & Worb®y2005). For example, the
LULC category Wetland appeared in both MD LULC dpH LULC classification
systems are matched together by human and algoriBunby observing parcels
labeled as Wetland in MD and DE, we find their mdifierence. Wetlands in MD
always contain more water and less vegetation,oahylresemble some of wetlands
in DE, while other DE Wetland parcels are highlygetted and resemble forests.
Therefore Wetland MD is more like a subcategoryWdtland DE. Two concepts
using same or similar labels are actually differetitis underlying semantic
heterogeneity is termed “confounding conflict” bpl5(1997). In the study of LULC,
the confounding conflict may lead to severe cogaitproblems when they are

covered up by lexical semantic methods.

To overcome semantic heterogeneities that are obtalde using lexical
semantic methods, we will further our research hdyexical semantics into actual
LULC status, and focus on using remotely sensec dat translate semantic

heterogeneous LULC classification systems in the ceapter.
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Chapter 3. Overcoming Semantic Heterogeneity USlagiote
Sensing

3.1 Introduction

In chapter 2, we tried to compare and match LUL&3sfication systems using
lexical information contained in category name dedcriptions. Our method is based
on bag-of-words model and cosine similarity enhdrag LSA or WordNet, and the
results showed great improvement comparing to ptevifeature-based model.
However, we also found out that lexical semantichoes are having difficulties
solving the semantic heterogeneities happened keatwgifferent classificatory

approaches.

In general sense, semantic heterogeneities argocetted into three types (Goh
1997). TheNaming conflictmeans the naming schemes of the information diffiee
Confounding conflicthappens when information items (e.g. LULC labals@m to
have the same meaning, but differ in reality. Boaling and unitgonflict happens
when different reference systems are used to measugalue. The goal of semantic
integration is to eliminate all three types of sati@aheterogeneity. Comparing to the
confounding conflict and naming conflict, the snogli and units conflict is
straightforward and less difficult to solve. Thecdis of most research on semantic
integration, including this one, is therefore ore tfirst two types of semantic

heterogeneities.

In LULC classification systems, the confounding ftich happens when labels
and descriptions of two LULC categories seem toasgnt same or similar LULC

status, but in reality different. For example, gaty wetland represents how
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complicated and semantically heterogeneous a LUbbGcept can be. Due to
variations in vegetation species and coverage,ralde height and period, parcels
labeled as wetland in different areas can be wHgrdnt in actual land cover status.
It might be too easy for a lexical method to mawktland MD to Wetland DE,
without the consideration of the potential differenn their conceptual intensions. In
Figure 3.1, although sharing the same label, weéttarcels in MD and DE have very
different seasonal NDVI curves (calculated fromeiseries Landsat ETM+ imagery
from July 2001 to august 2002 path 14 row 33). &ty understand the cause of this
difference, a further discussion can be found stise 3.3.5. But intuitively, we can
tell the two Wetland categories are different amdhppropriate to be used

interchangeably.
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Figure 3.1 Average seasonal NDVI of Wetland parcelD and DE

On the other hand, the naming conflict happens whéihC categories under
different labels represent same or similar LULCetypom observation. For example,

human evaluators consider Recreational of DE LUb@ @pen Urban Land of MD
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LULC to be similar categories. However, differeanmng schemes make the lexical

methods lost in naming conflicts and none of themmeved this match.

To discover confounding conflicts and reconcile mapconflicts, first, we need
to know if two LULC categories are seemingly diéfet or similar, then one step
forward, we need to know if they are different anitar in reality. Our method in
chapter 3 aimed to answer the first question araViged better solutions than
previous methods. But answering the second quesdidreyond the capability of

lexical methods and therefore calling for innovatapproaches.

Fortunately, LULC status is observed by remote isgnswvhich provides a
different way of understanding LULC categorizatimmd how each category is used
on the ground. It is logic to incorporate remotasseg into the integration of LULC
classification systems. Before the discussion af h@ incorporate remotely sensed
data, we ought to briefly review the relation besweemote sensing and LULC,

through which we will find the reason and theor@tgupport of our method.

3.1.1 Remote sensing as a tool of understanding LULC

Remotely sensed data are increasingly used toidescULC in the form of
LULC mapping. As a means of observation on Eaitle, temote sensing sensor
measures the amount and spectral distribution estiar energy reflected from the
earth surface to infer the nature of the reflecsngace. A fundamental assumption
here is that each type of earth surface (diffetgpés of vegetation, soil or sand,
water, man-made surface, and so on) has an “ingavidnd characteristic manner of

interacting with incident radiation” that is des®d by the spectral response of that
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surface (Mather 2004). Generally, this assumptomeasonable and its validity is
proven by decades of research in the remote sewsiegvironment. The spectral
response curve of a piece of earth surface, winidicates its individuality, is termed
the spectral signature, which is the foundatiothefLULC mapping based on remote
sensing. As remote sensing has such a great ingradtULC mapping, modern

LULC classification systems are designed to useh wigmotely sensed data

(Anderson 1976).

Now the remote sensing research community has betoeprovider of LULC
information to a wider society. However, it is refgal that the remote sensing
community has concentrated too much on technicalless but not enough on
semantic and ontological issues (Comber et al. RODdfferent disciplines or
different agencies have different perceptions pnfllase categorization, which lead to
semantically heterogeneous LULC classification eyst Interoperability of the
LULC data will be impossible without the semantitteigration of classification

systems.

A typical LULC classification system organizes ¢piges in a taxonomy
structure, in which each category is defined byamae (i.e. label) and a paragraph of
description explaining the name. The textual infation extracted from names and
descriptions is usually used in lexical methodsvi{aas et al 2005, Feng and
Flewelling 2004, Rodriguez et al 1999, RodrigueEgenhofer 2003, 2004, Ahlgvist
2008, Kavouras and Kokla 2002) to integrate LUL@sslfication systems. But all
these methods have common problems: 1) it is diffio quantify lexical semantics

and convert them into comparable attributes; anth@3e methods are vulnerable to
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semantic heterogeneities. The first problem makesa methods difficult to use and
even more difficult to automate. In chapter 3, wevaloped a new method using
information retrieval techniques that aimed to sothis problem. But the second
problem can be more severe because it may leagkjp cbnceptual ambiguities — the
use of a LULC classification system does not refiex definition (Duckham &

Worboys 2005).

Recognizing this problem, Worboys and Duckham (2088ught in spatiality
for solutions. They believe a universal set of ‘setit atoms’ exists among
heterogeneous data sources, and semantic hetetygisnentirely due to different
groupings of the atoms. To integrate two clasdifica systems of the same
geographic area, Duckham and Worboys (2005) odedad intersected the different
LULC maps, which splits land parcels into fragmeiiiach fragment is labeled by
two categories from two classification systems.dsiasn this fragmentary land parcel
map, Duckham and Worboys adopted a definition ofesdic relations between two
LULC categories based on how many fragments areedhay these two categories.
Although acknowledging the importance of spatiatrilaites, Duckham and
Worboys’s method is geographically restricted: rtheiethod can only integrate

LULC classifications mapping the same area.

Durbha and King (2005) introduce ontology to enabtmtent-based image
retrieval in remote sensing archives. First Durbhnd King apply an unsupervised
segmentation algorithm (Deng and Manjunath 200Bxtoact homogeneous objects
from remote sensing data archive. Then the obj@atslabeled by concepts in the

ontology pre-developed from Anderson classificasgatem (Anderson et al. 1976).
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Based on the reasoning function supported by Wetol@yy Language (OWL-DL)

(Wache et al. 2001), the semantic-enabled contasdc image retrieval is realized.
Similar method is then applied to semantic recaet@dn in data archives (Durbha et
al. 2009). Worth noting is that Durbha and King20Q5) work, although in a
different field, suggests a potential solutionte tntegration of LULC classification

systems: reusing the remotely sensed data that heee widely used in LULC

mapping.

3.1.2 Remote sensing to overcome semantic heterogeneity in LULC

Given its important role in LULC mapping, we bekeusing remotely sensed
data to describe LULC categories can overcome strnheterogeneities, because
the difference in actual LULC status, either expddibetween semantically different
categories) or unexpected (between semanticallyesam similar categories),
corresponds to different pixel values in the refyosensed images due to spectral
signature. Remotely sensed data have two distsn@wantages in understanding
and comparing LULC categories: 1) an objective olen on the physical LULC
status and 2) a quantitatively comparable measureawoss LULC categories from
different classification systems in different ldoas. Based on these two advantages,
we now can answer the question if two LULC categpmre different or similar in
reality, and sweep the restriction of only compgrtULC classifications in same

geographical areas incurred in Duckham and Worl2985)’'s method.

In this chapter, we will present a remote sensiged approach to the semantic
integration of LULC classification systems. Our het will use spectral and textural

information derived from time series remotely sehsiata to measure similarity
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between LULC categories from different classifioatisystems, and then discovers
confounding conflicts and reconciles naming cotslicAdopting this approach can
not only automate the integration process, but ptepide more reliable integration
results. In the rest of this chapter, we will detir method in section 3.2, and
present the matching result and compare it with drumvaluations in section 3.3.

Then a conclusive remark in section 3.4 will follow

3.2 Methodology

In LULC mapping, the semantics of each categorgngployed to label the
geospatial data, either on pixel basis or parcsisbdn other words, LULC mapping
is the process of endowing the LULC semantics ® gleospatial data (mostly
remotely sensed) and producing LULC maps, in wieiabh labeled parcel embodies
the semantics of its LULC category. By this logmyerlaying LULC map on
remotely sensed image and exploring the parcel |l lelega patterns is a
straightforward way to restore the link between @etics and remotely sensed data.
Hence, our method compares the semantics of diffdre)LC categories via the
parcel level patterns in spectral and textural. ifte¢hod is demonstrated through the
experiment of matching LULC classification systeaisMaryland (MD LULC) and

Delaware (DE LULC).

3.2.1 Study area and LULC data

The study area, eastern Maryland and Delawaregvsred by a single Landsat
scene (Path 14; Row 33) (Figure 3.2). As adjaceeasa eastern Maryland and

Delaware have similar LULC types due to similarmdie, topography, and

58



hydrology, but these similar LULC types are defined different classificatory

approaches (Figure 3.3).

T T S

Figure 3.2 Study area: MD and DE covered by Lansisane path 14; row 33
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Figure 3.3 Taxonomy of MD and DE LULC ClassificatiBystems

The Maryland LULC (MD LULC) data is prepared by M&and Department of

Planning (MDP:http://www.mdp.state.md.ysand obtained from their website, and

the Delaware LULC (DE LULC) data is prepared by M#ice of State Planning
Coordination (OSPC) of the Budget Development, Rlagny and Administration
Section of the Delaware Office of Management and ddet

(http://stateplanning.delaware.ghviand obtained from Geospatial One Stop data

portal (ttp://gos2.geodata.gov/wps/portal/ydBoth LULC datasets are created from

aerial photo during year 2001 to 2002. The detailadsification systems used in two
LULC maps are shown in Appendix I. Both classificatsystems are defined in
taxonomy (Figure 3.3), in which level O categori@snoted by MD LANDS and DE
LANDS, representing the generic concept of landht@o all land parcels. Level 1
categories are categories directly subsumed by (eecategories, and so on so forth.

There are 4 different levels (0-3) of categoriedath classification systems, among
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which level 1 and level 2 approximately correspoméame levels in the Anderson
system (Anderson 1976). All cateogries in both sifamtions have parcels covered

by Landsat scene path 14 row 33.

3.2.2 Assessment of the LULC classification systems

Before the matching process begins, a thoroughsssent of the LULC
classification systems is needed to discover theautual ambiguities and errors.
Otherwise, these ambiguities and errors will neverfound but inherited to the

matching process and make the integration errangro

An expert in LULC may have different ways to decidew well a LULC
classification system is defined, but there is aimentary form to create
classifications termeddécet analysis(Ranganathan 1967). It provides a collection of
rigid rules, which all classification systems shbtollow. Facet analysis is invented
by information scientist Ranganathan in the 193@isd primarily used to create
classifications for the document collections in ht@cal, scientific, and social
scientific fields. In this tradition, facets ar@ Wynar and Taylor's words (1992),
“clearly defined, mutually exclusive, and colleelly exhaustive aspects, properties,
or characteristics of a class or specific subjett.”simple words, facets are the
characteristics of division. Ranganathan’s facei\ans consists of three planes, each
of which has several canons, postulates, and ptegiCannons are the rules must be
followed by all classification systems, while pdatas and principles are strong

recommendations.
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Ranganathan’s original facet analysis is preseated detailed series of 46
canons, 13 postulates and 22 principles, many a¢hwére beyond the scope of this
research. Spiteri (1998) proposed a simplified rhmlefacet analysis by combining
and simplifying of Ranganathan’s canons, postuja@sd principles, and the
principles defined by the Classification Researgoup (CRG). In this study, the
assessment of LULC classification systems is basedpiteri’'s simplified facet

analysis.
PRINCIPLES FOR THE IDEA PLANE
Principles for Choice of Facets
a) Principle of Differentiation

This principle advises that when dividing an entiicets should have the ability
to distinguish clearly among its component parnidhe LULC mapping, it means that
for a land parcel, it should be decisive in deteing which one and only one
category this parcel belongs to. The definitionMid LULC classification system
follows this principle well at level 1 categorid3ut at level 2, conceptual ambiguity
is observed. For example, the definition of MixeordSt poses a question on the
differentiation between the mixed forest, and tleeiduous and/or evergreen forest.
Its definition says neither deciduous nor evergrepacies dominate, and mixed
forest is a combination of both. This is a vagudindeon as it did not define

“dominate”.

The DE LULC classification system has several migatkgories, such as mixed

urban, mixed rangeland, and mixed forest. As inAhderson’s LULC classification
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system (Anderson 1976), DE LULC uses a threshold/8f intermixture area to
separate mixed from “pure” parcels, although adeudelineation of intermixture

area might still be unclear.
b) Principle of Relevance

This principle advises that the choice of faceteusth reflect the purpose of
classification. Both MD and DE LULC classificati@ystems are produced and used
by state urban planning authorities. The principlerelevance is followed in both
systems, and can possibly explain some of the anball extension of the
classification system. Both classification systermnave the highest level 3
subcategories for the category of residential, dmtnot divide level 1 category of
wetland, because further categorizing wetland, atremely important and

notoriously complicated concept in LULC, is beydhd focus of urban planning.
c) Principle of Ascertainability

This principle advises that facets should be de&fiand ascertained, which was
explained by Spiteri, for example, the date of deatinappropriate to use as a facet
to divide live people, because it is unknown. Samyl, in LULC mapping,
categorizing lands should be based on currentsstather than planned uses in future.

MD and DE LULC classification systems followed tpisnciple.
d) Principle of Permanence

This principle advises that facets should reflée permanent qualities of the
entity to be divided, which means, for examplepcas not applicable to classifying

the chameleons. However, this reasonable prinegpleot easy to follow in LULC
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classification systems, because the LULC status;hwils the basis of all facets, can
change especially for transitional land uses. Timgaict of LULC change is expected

to see in the integration results.
e) Principle of Homogeneity and Principle of Mutudxclusivity

These two principles advise that each facet usedlitme entities should
represent only one characteristic of division andually exclusive among each other.
These two principles ensure on each specific fasmth component part is
homogeneous, but mutually exclusive among eachr.oteach item in the

classification has its own unique place (Spite88)09

These two principles are strong restrictions. Hoemegty and mutual
exclusivity are both relative to the discriminatingower. Using a higher
discriminating power, homogeneous categories cadiwded further more. On the
contrary, a lower discriminating power blurs theubdary between originally mutual
exclusive subcategories. If we reasonably assumesdame discriminating power is
used through out the entire LULC mapping process)esLULC categories in MD
and DE classification systems are less homogend#oms others. To this end,
Wetland, again, as the only level 1 “leaf” categoryg subcategories) in both systems
stands out. It is obviously under-defined and mayse semantic heterogeneity.
Different subcategories of Commercial in DE clasation system, on the contrary,

are more questionable on their mutual exclusivity.

64



f) Principle of Fundamental Categories

Different from Ranganathan’s PMEST formula (PerdionhaMatter, Energy,
Space and Time), this principle advises that tlearst no fundamental categories (of
facets) to all subjects. Facets should be derias@d upon the nature of the subject
being classified (Spiteri 1998). Every LULC clagsafion system by nature is a good

practice of this principle.
Canon of Exhaustiveness

In Ranganathan’s original facet analysis (1967¢ ¢thnon of exhaustiveness
states that all classes and sub-classes in afmdagen system should present all
aspects of their parent universe. This canon isuded in Spiteri’'s simplified facet
analysis, because Spiteri (1998) argues that thaustiveness is rather “difficult to
determine and maintain”. Spiteri is right about thificulty, and it is reasonable to
remove a hard-to-follow principle from the mustléa¥s. However, exhaustiveness
should be recommended, because without exhausthaategories, it is inevitable to
see some items of the parent category but belomgne of its subcategories, which

is a logical flaw.

Some LULC classification systems, such as the Asawersystem (Anderson
1976), escape this predicament by adding in a heali¢ subcategory, such as Other
urban or built-up land. Setting up a “catch all’'gsod when it comes to assigning
every and each land parcel a subcategory to awgtdl flaw. But the semantic
clarity of this “catch-all” category is very muchchallenge. DE LULC classification
system is a modified Anderson system, and theaecatch-all category Other Urban

or Built-up for urban land uses in the system. Butaddition to this catch-call
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category, DE LULC includes urban categories suchRasreational and Utility,
which in Anderson system composes the main patthefOther Urban or Built-up.
Now the category of Other Urban or Built-up in DEILC has an unclear intension,

and is difficult for human evaluators to find a sfatn MD LULC.
Principles for Citation Order of Facets and Foci
a) Principle of Relevant Succession

This principle advises that the order of facetsusthoeflect their natural scopes
in the classification system. In LULC classificatieystems, this principle is usually
well followed: parent categories represent broadlérC concepts than subcategories.

The MD and DE LULC classification systems followstiprinciple closely.
Principle of Consistent Succession

This principle advises that the order of facetsusthmot be modified once it is
established, unless there is a change in the peirpgsbject, or scope of the
classification (Spiteri 1998). This principle islltwed by MD and DE LULC

classification systems.

Spiteri’s simplified facet analysis (Spiteri 199850 has the principles for the
verbal and notational planes, which are about ngraimd coding the classification

systems. These principles are beyond the scopesofesearch.

In Spiteri's simplified facet analysis on MD and DBJLC classification
systems, several conceptual ambiguities are disedv&olving these ambiguities are
out of the reach of any lexical semantic methodd, the impact of these ambiguities

on integration is estimated in the following resand discussion section (section 3.3).
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3.2.3 Remote sensing data selection

Geospatial data are the direct observation of ge@dpentities, such as land
parcels. Each type of geospatial dataset, rastewveator, provides a unique
perspective of observation and information into tmeure of the geographical
phenomenon (Durbha et al. 2009). In theory, evgpg tof available geospatial data
could be beneficial in terms of bringing the uniqoérmation into the algorithm.
But in practical terms, each type of remotely sdndata has its individual scope of
application, which is determined by the spatiaiperal, spectral, and radiometric
resolution. In this study, we select the time setiandsat 7 ETM+ imagery to be the

remotely sensed data source (Table 3.1) basededoltbwing considerations.
Spatial resolution

Landsat ETM+ has eight channels covering the \asibear- and mid-infrared,
and the thermal infrared, including a panchromath@nnel. The panchromatic
channel has a spatial resolution of 15 m, the théinfrared channel has a spatial
resolution of 60 m, and the rest six spectral cklhave a spatial resolution of 30 m.
In this study area, most parcels have an arearlénge 10000 square meters. They
can be captured by Landsat ETM+. Another consiteras the swath width. A
Landsat ETM+ scene has a swath width of 185 kmg¢hvban cover the whole study
area. It is practically beneficial that single seewmverage can save lots of efforts to

balance the impact of the solar and sensor vanidtiosing different scenes.

Temporal resolution
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Landsat 7 has a repeat coverage interval of 16. ddythis temporal resolution,
a time series of images are available to captuegltionological phenomenon, which
is very important to differentiate vegetated LUL@pés. Even when clouds
substantially occupy in the images on some daté&snbt difficult to find alternatives

from a 2-3 years of collection.
Spectral and radiometric resolution

Landsat 7 ETM+ is an earth observing instrumenis i proper choice for this
research because it is designed to discriminaferdift LULC types via its eight
spectral bands covering a rich range from visildeshort-wave infrared in the

electromagnetic spectrum.
Data availability

The method discussed in this chapter is data-@iethe data availability is an
important concern when the method is to be appgledroader and different areas.
Landsat has a global coverage at the same spatiateanporal resolution, which
enables this integration method to be appliedrtmat everywhere in the World, even
across different continents, where lexical semantigthods are largely disabled

because the LULC classification systems can beéefin different languages.

Table 3.1 lists the Landsat data used in compahiy and DE LULC
classification systems, including eight spectrahdsa (including thermal low gain
(band 61) and high gain (band 62)) and one pandcitiorband on eight different
dates, scattered through a year time (2001-2062ddlition to spectral measurement,

textural measurement Grey Level Co-occurrence MafsLCM) (Haralick et
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al.1973) is also included. The GLCM measuremengsl us this study are contrast,
correlation, entropy, and mean, calculated from1200-10 Landsat NDVI and

panchromatic image, respectively.

Table 3.1 External geospatial data

Data (parcel level mean and standard deviation)

ETM+ Band 1-8 2001-07-10

ETM+ Band 1-8 2001-09-12

ETM+ Band 1-8 2001-10-30

ETM+ Band 1-8 2001-11-15

ETM+ Band 1-8 2002-02-19

ETM+ Band 1-8 2002-03-23

ETM+ Band 1-8 2002-05-10

ETM+ Band 1-8 2002-08-14

GLCM texture: Contrast, calculated from NDVI 2007-00

GLCM texture: Correlation, calculated from NDVI 2007-10

GLCM texture: Entropy, calculated from NDVI 2001-0@

GLCM texture: Mean, calculated from NDVI 2001-07-10

GLCM texture: Contrast, calculated from Band 8 200110

GLCM texture: Correlation, calculated from Band@2-07-10

GLCM texture: Entropy, calculated from Band 8 2@¥t10

GLCM texture: Mean, calculated from Band 8 2001107 -

3.2.4 Preprocessing

Preprocessing involves the correction of deficiesand the removal of flaws
present in the data. It is carried out before th& dre used for a particular purpose
(Mather 2004). In this study, preprocessing inctudeo-referencing (if necessary)

and removal of pixels on the parcel edges.

The accurate registration is required to overlay.CUmap on remotely sensed

images. Geometric errors in registration lead ® displacement of pixels in land
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parcels when overlaying LULC map on images, and the data pattern extracted
from pixels in each parcel are subject to mistakas to the pixel displacement. To
avoid this problem, registration is carried out WLC maps and images do not fit

well.

The pixels on parcel boundaries need to be rembeeduse these pixels tend to
cross the boundary and become mixed of multiple Cllpes. To remove these
pixels, the LULC map is rasterized on the sameiapegsolution of the remotely
sensed data. Then in this rasterized LULC map,|piva@ parcel boundaries are
assigned a different value than the value of pikes fall completely within parcels.
This boundary raster is then overlaid on each relpaensed image. And through a
raster calculation, pixels on the boundaries otglarare picked and removed from

each remotely sensed image and textural image.

3.2.5 Parcel level statistics

In remote sensing, object-based methods (Walted)2@0nsider groups of
pixels that represent existing objects rather thiagle pixels as inseparable units in
processing. The advantage of this object-basedaphpris obvious: real world LULC
is not delineated into tiny squares but into pacéhat is, objects. Adopting the
object-based approach, parcel level statisticerdtian pixel values, will be used to

compare different LULC categories.

In the integration of MD LULC and DE LULC, mean asindard deviation of
the pixels within each land parcel are calculatethf9 Landsat bands on 8 different

dates plus 2 textural bands. That is, for eachghaticere are 160 feature values in
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total. If we imagine a vector space with each disi@m corresponds to a feature
value, each parcel projects to a point in this dfentional vector space, and a
LULC category is a cluster of points, each pointresponding to a parcel in this
category. Now the spectral, textural and tempaorfdrmation are all included in this

calculation.

3.2.6 Extensional approach to similarity

Based on parcel level statistics, the similaritywsen LULC categories is
calculated via an extensional approach — estimasimgilarity of concepts by
comparing their instances. From an ontological poinview, all “valid” scientific
concepts must have instances; otherwise it is Wes$hn terms of scientific research,
since scientific research is meant to find rulesi{® 2004). Instances, whose
commonality is reflected in the concept, providepartant information in semantic
integration. The semantic integration methods usnstance level information are
termedextensionalmethods, in contrast to thetensionalmethods that concerned
with only concept-level (i.e. concept definitiores)d/or schema-level (i.e. hierarchy
in taxonomy) information. In this study, each LUlddtegory (also a concept) was
instantiated by individual land parcels, therefarestance level (parcel level)
information and an extensional approach is applécabthe similarity measurement

of LULC categories.

Extensional similarity is measured in matching seutULC classification
system to the target. This matching is one-way hiagg; but two-way matching can
be achieved by simply switching the source andtdéinget. However, it is common

that LULC classification systems to be comparedraoeon the same level, which
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means two way matching is not always reasonableinstance, subcategories such
as reservoir, ocean, natural lake, waterway ardyaaatched to its parent category
water. However, it is not reasonable to match wiateny one of its subcategories. In
this study, DE LULC and MD LULC are approximately the same level, and two

way matching is possible.

3.2.7 Use of SVM classifier

In order to match DE LULC to MD LULC, if the algtinm can assign a DE
LULC category to a parcel in MD LULC map, which amgoall the DE LULC
categories has the most similar statistics to ttiepdrcel, a parcel-level match from
the MD parcel to a DE LULC category is establish®sla MD LULC parcel belongs
to a MD LULC category, when it is matched to a DHLIC category by algorithm,
this parcel-level match contributes to the matchwben the two categories.
Quantitatively, the number of parcel-level matchedicates the strength of the
category match, that is, the similarity of the twategories. Now the similarity
measurement hinges on finding the assignment tlaatimizes the similarity (or
minimizes the distance) between every DE LULC daand MD LULC categories in
a high dimensional vector space. The problem besometypical supervised
classification problem: a classifier can be trairfedin categorical parcel level

statistics in MD LULC, and applied to DE LULC palxe

Among all the classifiers available, Support Veditaichine (SVM) classifier
(Cortes and Vapnik 1995, Huang et al. 2002) iscsete because of its superiority in
classifying high dimensional dataset. The SVM impatation provided by LibSVM

package (Fan et al. 2005) embedded in Weka softiiik et al. 2009) is used in the
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algorithm. Thanks to its uniqgue max-margin mechaniSVM classifier has an
extraordinary tolerance of errors in the trainingad(Song 2010), but with a side
effect of sensitivity to disproportional trainingtd. This side effect and its impact on

integration will be discussed in section 3.3.5.

3.2.8 Refining SVM inputs

Before parcel level statistics can be used in a SNddsifier, an examination of
its separability among all LULC categories would égsential, required by the
Principle of Differentiation. A 10-fold cross-valiton is carried out using SVM
classifier on all parcel level statistics of MD ab& respectively, and the percentage
of correctly classified parcels is a little lowérah 50% in both MD and DE cross-
validations. As training the SVM classifier shoulde representative parcels, the
correctly classified parcels in cross-validatiofide the patterns of their categories

closely, and become the candidate training data set

The low percentage of correctly classified pardsldecause of two possible
reasons: data quality flaws and varied parcelsanfesLULC category. Either reason
may cause outliers - parcels scattered from théecer its category in the spectral
space, which will confuse the boundary between goamies, and then lead to
mismatches in the integration. By filtering outlert(scattered) parcels, the rest will
be more cohesive and representative for their oayedt is worth noticing that out
task here is not to find all representative pardeld to guarantee the training set is
representative. This means outliers must be reméreed candidate training set (if
there are any), but false removal of several rgmtasive parcels is not a main

concern.
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The method of finding scattered parcels is studiedmultivariate outlier
detection (Rousseeuw and Zomeren 1990), and areingpitation in R written by

Professor Rand Wilcox https://r-forge.r-project.org/projects/wys/is available.

Rousseeuw and Zomeren’s method picks outliers basethe Minimum Volume
Ellipsoid (MVE) estimator, which is superior to st&c Mahalanobis distance in its
robustness. Not like Mahalanobis distance, MVEnestdr is not easily biased by a

small cluster of outliers.

By removing outliers from the parcels that are ecly classified in cross-
validation, we have the representative parcelsémh category that are ready to be
used in SVM classifier for training purposes. Ineav round of cross-validation runs
on this training set, the percentage of correcthgsified rises to more than 95% in

both MD and DE training datasets.

3.3 Results and discussion

The two way matching results are showed in Takke(8) DE LULC to MD
LULC and (b) MD LULC to DE LULC. In both tables, temories are denoted by
codes introduced in Appendix |. The columns froffh e right mean 1) DE (a), MD
(b) LULC categories, 2) match(es) in MD (a) or O LULC by human evaluators,
3) conforming matches, and 4) non-conforming maiclere conforming matches
are the algorithm matches that conform to humatuatians, while non-conforming
matches are those that do not conform to humaruatrahs. The number in the
parentheses after each algorithm result (in col@and 4) is the similarity of that
match, calculated as the ratio of the number ofgdarin this match to the number of

all parcels in the source category. For exampkntatch Warehs to Indstrl (0.545) in
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Table 3.1 (a), means 54.5% of all parcels of DE Cldategory Warehouse (Warehs)
are matched to MD LULC Industrial (Indstrl) categoand it suggests a similarity of

0.545 between the two categories.

3.3.1 Human evaluation

Human evaluation gives matching categories for dddhC category, rather
than the similarity. The evaluation was done bydgede students of the Department
of Geography, University of Maryland College Pdfkie evaluators are asked to find
a matching category or categories from MD classiftn system for each DE LULC
category, and the other way around. Evaluators wdmemed that ‘no match’ is
acceptable in their results. The LULC data, howei® not given to evaluators.
Human evaluators make decisions only based on aatemme, description, aral
priori knowledge. Among 5 interpretation results, forreaategory, if no less than 2
votes from 5 evaluators agree on one match, thehmatconsidered to be human

interpretation result.
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Table 3.2 Results of Matching DE LULC to MD LULC){&and MD LULC to

DE LULC (b).

a

MATCHED MD LULC

DE
ALGORITHM
LULC | HUMAN
CONFORMING NON-CONFORMING
: LowRes(0.198)
SinFam LowRes,MedRes MedRes(0.183) Pasture(0.116) OpenUrb(0.101)
MultFam | MedRes,HighRes HighRes(0.484) Comm(0.315)
i . LowRes(0.129) Comm(0.106)
MbIHmM HighRes HighRes(0.157)
OpenUrh(0.106) MedRes(0.219)
Retail Comm Comm(0.372) HighRes(0.108) Indstri{@y
Indstrl,Comm Indstrl(0.625)
VclAct
Comm(0.25)
Indstrl(0.3) HighRes(0.1) MedRes(0.133)
JunkYrd | Indstrl,Comm
Comm(0.3)
Indstrl(0.545)
Warehs Indstrl,Comm
Comm(0.272)
Brush(0.105) LowRes(0.105)
OthrCom| Comm Comm(0.315)
Indstrl(0.315)
Indstrl Indstrl Indstrl(0.716) Comm(0.221)
Utility OpenUrb,Indstrl Indstrl(0.111) Pasture(64) Comm(0.259)
MixUrb | Comm,OpenUrb Comm(0.372) Indstrl(0.177)t(0s124)
OthrUrb | Comm Pasture(0.187) Crop(0.119)
Indstrl(0.318) Comm(0.258)
Inst Inst Inst(0.161) )
HighRes(0.120)
Inst(0.107) Comm(0.155)
Recreat | OpenUrb OpenUrb(0.115)
AgrBldg(0.163) Indstrl(0.119)
Crop Crop Crop(0.502) FeedOp(0.121) Pasture(0.151)
Pasture Pasture Pasture(0.314) Crop(0.314) Ag(B!1169)
IdleFId OpenUrb,Brush LowRes(0.209) Pasture(0.321)
LowRes(0.111) Crop(0.222)
OrchHrt | OrchHrt )
Pasture(0.177) DeciF(0.177)
Feedlot FeedOp FeedOp(0.428) Indstrl(0.381)
Pasture(0.122) FeedOp(0.186)
Frmstd AgrBldg AgrBldg(0.168)

Indstrl(0.122)
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MATCHED MD LULC

DE
ALGORITHM
LULC | HUMAN
CONFORMING NON-CONFORMING
Pasture(0.105) Indstrl(0.263)
OthrAgr | Crop,AgrBldg Crop(0.105)
FeedOp(0.473)
HerbRng | Pasture,Brush Pasture(0.281)
ShrbRng | Brush,Pasture Brush(0.218) LowRes(0.231) DeciBg&).2
. DeciF(0.152) LowRes(0.289)
MixRng | Brush,Pasture Brush(0.144)
MedRes(0.115)
DecFrst | DeciF DeciF(0.608) Brush(0.102) LowRes%8)1
EvrgrnF | EvrgrnF EvrgrnF(0.729)
. Brush(0.142) EvrgrnF(0.107)
MixFrst | MxFrst MxFrst(0.242) )
DeciF(0.288) LowRes(0.103)
FeedOp(0.107) Pasture(0.203)
CirCut BrGrnd,Brush Brush(0.147)
Crop(0.350)
Watrway | Water Water(0.869)
NtriLk Water Water(0.739) Wetland(0.173)
Rsrvr Water Water(0.789)
BayCove | Water Water(0.934)
Brush(0.157) DeciF(0.317)
Wetland | Wetland Wetland(0.123)
MxFrst(0.159)
Beach Beach Beach(0.714) Indstrl(0.285)
InldSnd BrGrnd Indstrl(0.6) Beach(0.28)
Extr Extr Indstrl(0.606) Comm(0.181)
Trans Crop,Brush,BrGrnd FeedOp(0.131) Indstrl(0.356)
b
MATCHED DE LULC
MD
ALGORITHM
LULC HUMAN
CONFORMING NON-CONFORMING
LowRes SinFam SinFam(0.382) MixRng(0.150)
MedRes MultFam,SinFam SinFam(0.374) MixRng(0.108)
] MultFam(0.313) ]
HighRes MultFam,MblHmM SinFam(0.177)
MbIHmM(0.120)
Retail,OthrCom, MixUrb(0.157)
comm |\ hixUrb. Retail(0.174)
Indstrl,JunkYrd, )
Indstrl Indstrl(0.276) Retail(0.160)
Warehs
Inst Inst SinFam(0.134) MixUrb(0.111)
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MATCHED DE LULC

MD
ALGORITHM
LULC HUMAN
CONFORMING NON-CONFORMING
Extr Extr Extr(0.215) SinFam(0.169)
OpenUrb Recreat Recreat(0.146) SinFam(0.213)
Crop Crop,OthrAgr Crop(0.414) SinFam(0.131)
Pasture Pasture Pasture(0.121) SinFam(0.154) CA&i()
Crop(0.140) Trans(0.171)
OrchHrt OrchHrt OrchHrt(0.109) )
Pasture(0.125) SinFam(0.140)
FeedOp Feedlot Feedlot(0.297) Crop(0.133) Frmstd@)
Crop(0.162) Feedlot(0.159)
AgrBldg Frmstd Frmstd(0.103)
Pasture(0.115)
. MixFrst(0.152) ShrbRng(0.162)
DeciF DecFrst DecFrst(0.204) i
MixRng(0.179)
EvrgrnF EvrgrnF EvrgrnF(0.423) ShrbRng(0.113) MstF0.136)
MxFrst MixFrst MixFrst(0.305) ShrbRng(0.165) MixB{®.127)
ShrbRng,MixRng,
Brush IdleFId,CirCut, ShrbRng(0.202) EvrgrnF(0.159)
HerbRng,Trans
Watrway,Rsrvr, Rsrvr(0.330)
Water
NtriLk,BayCove BayCove(0.25)
MixRng(0.228) Watrway(0.112)
Wetland Wetland
Rsrvr(0.110)
Retail(0.2) BayCove(0.2)
Beach Beach Beach(0.2)
InldSnd(0.2) Indstrl(0.2)
BrGrnd InldSnd,VclAct Pasture(0.101) MixRng(0.101)
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3.3.2 Evaluation Metrics

Algorithm matches with the similarity less tharhaeshold of 0.1 are considered
to be noises and discarded. Here the thresholdmaspact on the matching results.
A higher threshold truncates more matches, moswioth are non-conforming
matches as they have lower similarities. A loweeshold, on the contrary, allows
more matches in the table, and returns a more @eptatching result. To compare
the algorithm matches with human matches undeaagihg threshold, we introduce

a modified precision-recall metric.

Precision-recall evaluation metric is widely usadrformation retrieval. It is a
two-fold metric: the precision is a measure of éxass or fidelity, whereas the recall
is a measure of completeness. In the matching df@ dlassification systems, the
precision follows its original definition as theftion of conforming matches among
all algorithm matches, but recall is a little digéat. By original definition, recall is
the fraction of conforming matches among all humreaiches. However, the problem
is multiple human matches for a category are imkrnative relationship, which
means either one (or more than one) of the matareesorrect, and the matches are
not in an exclusive relationship. For example, adiocg to human evaluation, the
matches of DE LULC category MultFam should be MesiRe HighRes in MD
LULC, which suggests DE LULC category Multiple Fé@ynResidential (MultFam)
can either match to Medium Density Residential (Res) or to High Density
Residential (HighRes). It does not specify Multiplemily Residential should match
to one or both of the two. Instead, all three sdersaof matching (MedRes only,

HighRes only, and both) are acceptable. Henceottiggnal definition of recall is not

79



applicable as the number of human matches is nerrdmative. We modify the
original definition of recall to be dividing the mber of categories with conforming
match(es) by the number of categories with humatcm@s), and call it conformance
rate. Instead of the original definition of recathe modified recall or the
conformance rate metric is used in this study tasuee how complete the algorithm

compares to human evaluations.

A single measure named F measure will trade offipi@n versus conformance

rate. It is defined as the harmonic mean of con&moe rate and precision

£ 2PC
P+C

whereP is the precision an@ is the conformance rate (Manning et al. 2008).

As the threshold increases from 0 to 1 at the wateof 0.01, 100 pairs of
conformance rate and precision are calculated et &areshold, among which the
general trend would be decreasing in conformantse aad increasing in precision,
because increasing threshold leads to more exattdricomplete integration results.
Based on these 100 pairs of conformance rate awilspn, a precision-conformance
curve will be plotted using the conformance ratamsdependent variable on X axis,
and the precision as a dependent variable on Y. &amining the entire curve is
informative yet complicated. The classic simplifioa is the 11-point interpolated
average precision (Manning et. al. 2009), which sueas the interpolated precision

at the 11 recall levels of 0.0, 0.1, 0.2, . ..0.1
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3.3.3 Conformance of Human Evaluations

Before the evaluation of the algorithm, it is nesaay to examine to what extent
human evaluators agree with each other, becausevttiprovide an upper limit of

algorithm’s performance.

Matches reported by each evaluator are comparddthgt summary evaluation
(matches upon which no less than two evaluatoreeggand the F measure of this
comparison is calculated. When matching MD LULCOE LULC, the average
conformance rate is 0.98, the average precisigi®, and the average F measure is
0.89. If we choose the least agreed evaluatiom,cttinformance rate is 0.91, the
precision is 0.66, and the F measure is 0.77. Whatching DE LULC to MD
LULC, the average conformance rate, precision, Bndeasure is 0.87, 0.94, and
0.90, respectively. The least agreed evaluatianeéhaonformance rate of 0.72 and

precision of 1.0, while its F measure is 0.84.

In the results, the average of conformance ratepaacision is fairly high, which
suggests evaluators can retrieve similar matchdsagnee with each other well in
most of cases. But the relatively low F measurenfithie least agreed evaluation
suggests matching LULC classifications can be ehgihg even for experts. This

the need to improve the training interpreters.

3.3.4 Performance Measurement

An automated lexical-semantics-based integratiothateapplied to geospatial
data portals (Zhou and Wei 2008) is applied toNtizz and DE LULC data set, and

the integration results are presented for compararpose. This work measures
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semantic similarity of two LULC categories by comipg “semantic factors” in the
textual descriptions of categories in a featureedamodel, where the “semantic
factors” are meaningful keywords extracted fromegaty descriptions excluding

stop words and negated words.

In Figure 3.4, the precision-conformance curve Isttpd using 11-point
interpolated precisions. The method introducedhia thapter has a better precision
at all 11 conformance rates in both DE to MD and RMDDE experiments. When
matching DE LULC to MD LULC, feature based modekhhe average of the 11
precisions of 0.34 and F measure of 0.16. Usingremote sensing method, the
average precision increased to 0.66 and the F mee&s0.50. When matching MD to
DE, our remote sensing based method reaches aagaverecision of 0.61, and F
measure of 0.48, while feature-based model hasvarage precision of 0.35 and F
measure of 0.17. As remote sensing is the observat physical LULC status and
the human evaluation is only based on textual defivs, the conforming matches
serve as the bridge between observation and sersaifitie better performance over
previous lexical semantic methods suggests thipgs®d approach’s feasibility in
integrating LULC classification systems. Howevesmparing to F measure (about
0.90) of matching different human evaluations, reasensing method is still limited.
The next section will look into non-conforming miaés and discuss the causes

behind them.
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Figure 3.4 Precision-conformance curve of Matchdif LULC to MD LULC
(a), and MD LULC to DE LULC (b). RS stands for remcsensing, means the
method introduced in this chapter. TXT stands éxtual method, means the lexical

semantic method in (Zhou and Wei 2008).
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3.3.5 Discussion on non-Conforming matches

Inspired by Resnik’'s work on semantic similarity aserement in taxonomy
(Resnik 1999), the degree of the difference betwaeman and algorithm matches
can be measured by the level of their minimal commapper category. The more
semantically heterogeneous the non-conforming magchthe lower level it is
measured. For example, DE LULC category Mobile HdPaek is matched to MD
LULC category High Density Residential by human aetlium Density Residential
by algorithm. This difference is quantified by tlegel of the minimal common upper
category of High Density Residential and Medium &ign Residential, which is

Residential on level 2.

Using this measurement, the average level of alleanforming matches in the
two way matching is close to 0.8, which means mbgte non-conformance happens
between level 2 categories. Among all non-confognimatches, the category of
Wetland in MD LULC and DE LULC is the most semaatig heterogeneous.
Human evaluators easily achieved consent on thetwdtWetland in MD LULC to
Wetland in DE LULC based on their same names amdasi descriptions, but many
parcel level matches found by algorithm are atll®veon-conformance: Wetland of
DE LULC are similar to Deciduous Forest and BrusiM® LULC, while Wetland
MD are matched to Mixed Rangeland and water bod@in This heterogeneity is

discussed in the following section addressing dasons of non-conformance.

It is worth mentioning that despite the above qiiatite measure of the
semantic heterogeneity, the correspondence beteagegories in different areas will

have differential impacts depending on the appbecst For example, in a LULC

84



classification used by urban planners (e.g. MD LYL@atching open urban land to
pasture would be at highest level 0 heterogenkityjn a regional runoff model, this
mismatch is mostly acceptable. Therefore, the ed@mln of semantic heterogeneity
should also consider the application. But as wengtapredict the future application
of integrated LULC classification, we will just cii to the original application of the
source LULC classification, based on which aforetioered quantitative measure is

developed.

In an extensional approach, the causes of mismatahon-conformance are
found in individual non-conforming parcels. Unfarately, it is impractical to go
through all non-conforming parcels, and find owg teason of its non-conformance.
Instead, 10% of non-conforming parcels are selecoted stratified random sampling
basis, and examined on original Landsat imagerwels as high resolution remote
sensing imagery provided by ESRI World Imagery. $tratified sampling makes a
random 10% sampling within the parcels of each ecmmforming match, and it
ensures every non-conforming match is studied.@yrening the Landsat image and
high resolution image on selected parcels, five nmeauses leading to non-
conformance are separated. They are 1) concepnlagaity, 2) LULC data quality,
3) LULC change, 4) limitation of remote sensingdas) procedure error. Among
these five causes, the conceptual ambiguity and.tHeC data quality is controlled
by the producer of the LULC map. Arguably, produskould update the LULC map
according to the current LULC change, but it is aletays feasible in reality because
LULC change may still be happening at the time OLC mapping. The limitation of

remote sensing and the procedure error are onstreside. The limitation of remote

85



sensing leads non-conforming matches because wfficisnt discriminating power
of the Landsat or remote sensing in general. Thequlure error is errors brought by

our matching algorithm.
Conceptual ambiguity

As pointed out in the assessment of MD and DE LUdl&3sification systems
(section 3.3.2), there are some conceptual amieguit the production of the LULC
classification systems and maps, and these coraleqtubiguities lead to the latent
semantic heterogeneities (both confounding cosflaotd naming conflicts) that are
embodied by the non-conforming matches. The only weadiscover these non-
conforming matches and underlying semantic heter@ges would be using remote
sensing. This is the goal of our research in tiapter, and makes our remote-

sensing-based method indispensable.

In section 3.2.2, we found out that the use of ohiaed “catch-all” categories is
inevitable to reflect the complexity of LULC in lég and to keep the inner logic of
classification systems. For example, Mixed Foregised to categorize forest lands
with intermixture of evergreen and deciduous fogstcies, and Other Urban and
Built-up Land functions as the safe net to cat¢tuddan land parcels belong to none
of the pre-listed subcategories. However, allowimgrmixture within a category is
against the principle of homogeneity and will irage the possibility of non-
conformance. As a result, for a mixed category, ase not surprised to see the
individual components of the intermixture are matthogether. For example, Mixed
Forest DE is matched to Evergreen Forest MD anddbeas Forest MD; Mixed

Urban and Built-up Land DE is matched to Commergid, Industrial MD, and
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Institutional MD. Although considered non-conformjrthese matches are helpful to

understand the constituents of the mixed and “caliltategories in comparison.

The conceptual ambiguity can happen in under-deéfligL.C categories, which
will ultimately cause non-conforming matches. Wheatching DE LULC to MD
LULC, the foremost noticeable under-defined catggm the level 1 category
Wetland. As a notoriously complicated LULC type, thaed parcels can be
dominated by woody vegetation (forested wetland), dominated by wetland
herbaceous vegetation or non-vegetated at all. dDBiy, they are very different
LULC subtypes. DE LULC adopts the definition of \Wéeid in Anderson system
(Anderson 1976), which defines wetlands as “thesmhere the water table is at,
near, or above the land surface for a significamt pf most years.” It is also pointed
out in Anderson system that “wetlands frequently associated with topographic
lows”. MD LULC defines Wetland briefly as “foresteat non-forested wetlands,
including tidal flats, tidal and non-tidal marshasd upland swamps and wet areas.”
From their definition, Wetlands in MD and DE botbntain forested and non-
forested wetlands and therefore should be congldsmmilar. But are these two

Wetlands also similar on the ground?

Algorithm matching result suggests different: Weetleof DE LULC are more
similar to Deciduous/Mixed Forest and Brush of MDLUC, while Wetland MD are
matched to Mixed Rangeland and water body in DEe#ms that DE Wetland is
much woodier than MD Wetland. This finding is confed by average seasonable

NDVI changes of Wetland parcels in MD and DE (Fe@rl).

87



Now a closer examination on the actual LULC statfisndividual Wetland
parcels is needed to provide insight into the seimdreterogeneity of Wetlands in
DE LULC and MD LULC. Appendix Il cell 1 presents\Wetland parcel in DE,
which matched to Deciduous Forest MD. From the hggolution remotely sensed
image, it is clear that the parcel is forested enthe middle of a larger Deciduous
Forest parcel, where the vegetation cover showsganiation crossing the boundary.
Actually, according to the definition of Foresteceildnd in the Anderson system, the
vegetation cover is not a decisive discriminatirtgaracteristic between forested
wetland and forestland. Instead, wetlands are #&etiy associated with topographic
lows and therefore have a “water table at, nearalmve the land surface for a
significant part of most years”, which we wondeulcbbe detected and mapped by
the use of seasonal imagery. To this end, the teahpiDVI curves of the Wetland
parcel in Appendix Il cell 1 and its adjacent Demds Forest parcel should be
different and separable. But as plotted in Figufe e two NDVI curves are too
similar to separate. Furthermore, this is not aated case, 32% of all Wetland
parcels in DE matched to Deciduous Forest MD, 16%/ixed Forest MD, and
another 16% to Brush MD. This non-conformance betwdefinition and reality is
either because not all topographically low foredtettls are inundated with water and
become wetlands, or the inundation below the carmgnot be seen in remotely

sensed images.
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Figure 3.5 Seasonal NDVI of adjacent Wetland andidd®us Forest parcels

Whichever the reason on the ground, it is certadfifffcult to separate forested
wetlands from general forestlands in remotely sgnisgges. Also, forested wetland
parcels usually have features of the forestlandh saas high percentage of canopy
coverage, which make it legitimate to label themf@®st. However, despite the
practical difficulty and an easy “workaround”, 2%d4of the total parcels in DE
LULC map are labeled as Wetland, much higher thafe9n MD LULC map. Why
does the DE authority bother to label so many Rede®Vetland parcels in their

LULC map?

Their motivation is explained in the Anderson ciasgtion system used by the
DE authority: “the wet condition is of much interés land managers and planning
groups and is so important as an environmentabgate and control, such lands are
classified as Forested Wetland.” In simple wordscels featuring both Forest and
Wetland are labeled as Wetland because Wetlandfignare environmental

importance. Here this strategy of labeling pardekturing multiple LULC types,
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termed themultiple labelingstrategy, will become a cause of non-conformance. |
MD LULC, Wetlands are not empowered the same pyiaver Forest Lands as in
DE LULC. This difference in multiple labeling stegfy leads to very much different
Wetland parcels in reality, and then the confougdaonflict in the concept of
Wetland between MD LULC and DE LULC. Again, thisnsmtic heterogeneity

cannot be discovered by lexical semantic methods.

Since most Wetland parcels in DE are too woody &icimto MD Wetland, in
the other way around it is difficult for Wetland MD find a right match in DE LULC,
because Wetland parcels in DE are treated as aewihdirain the SVM classifier,
which means only features of the majority (as fea@swetland) count. Hence,
Wetland MD is constrainedly matched to Mixed Raragdl (Appendix Il cell 2) and
Water (cell 3) in DE LULC based on the ratio of g&gion and water in the parcel.
This result does not necessarily indicate a highlarity between Wetland MD or
Mixed Rangeland or Water DE. Instead, it is onlgdiese, on the parcel level, the

SVM classifier always gives out matching even tinalarity is low.

This mechanism of the SVM classifier leads to aeotjuestion, namely how to
identify LULC types that simply do not match? Let eonsider a LULC category in
one area that has no match to any category in andtht has heterogeneous parcels,
although SVM has to match each of its parcel tcategory, then parcels will be
dispersed to multiple different categories, whisele match has only a few parcels
and therefore a low similarity, and hence can Is#lyeéltered using a slightly higher
threshold. But if the category is homogeneous, nissparcels will be forced to

match to one or two categories. In this case, theappropriate matches, with
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potentially decent similarity values, are highligelly to be noisy and decrease the
conformance rate and precision. To fix this prohleme could use classifiers that
actually give the similarity when matching a partekach target category, and stop
matching if none of the similarity values is highoegh. A potential candidate of this
classifier is maximum likelihood classifier, recomnaded in Song (2010). Clearly
more work is needed to establish robust procedtweglentify non-conforming

classes between regions.

Multiple labeling also explains several non-conforgymatches involving both
natural and urban LULC types. In some cases, huattinities change the land
cover so much that the features of the originalll@over type are permanently
removed (e.g. commercial or industrial). But inestlcases, features of the original
land cover may survive some extent of human empémgnin these cases, although
land parcel has the features of both urban anariggnal natural LULC; it is always
labeled as the urban LULC category. For exampleyyningle Family Residential
land parcels in MD developed on rangelands stiipgka feature of rangelands. In the
parcel shown in Appendix Il 4, the development lne fparcel happens along the
parcel boundary, and most of the rangeland areainsnintact. Algorithm matches
such parcels to Mixed Rangeland in DE LULC judgitsgprimary land cover status,
which is considered to be a mismatch by human atial. Multiple labeling is also
found in non-conforming matches such as FarmstdatbPasture MD (Appendix Il
5), and Agricultural Building MD to Pasture DE (Agmdix 1l 6), because agricultural
structures are often built on and surrounded bicalgural lands, including croplands

or pasture lands.
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For similar LULC categories, deciding the semargiationship (e.g. which one
is a broader concept) between them can be diffitutbugh the interpretation of
textual descriptions, because it is hard to quargEmantics and convert them into
comparable attributes (section 3.1). Approaching troblem differently, the
extensional method employed in two way matchingviges estimation on the
semantic relationship via the set inclusion ancrgection between some LULC
categories. For example, Table 3.3, extracted fi@ble 3.2, presents the two-way
matching for Deciduous Forest and Evergreen FoWsen matching is from DE
LULC to MD LULC, Evergreen Forest DE matched to Eyeen Forest MD entirely
(except less similar (<10%) matches). When matchénffom MD LULC to DE
LULC, only part of Evergreen Forest MD matched t@ireen Forest DE, while the
rest matched to Shrub Rangeland DE or Mixed FddéstFigure 3.6). Combining
these two pieces of information, we can make esiimahat Evergreen Forest DE is
subsumed by Evergreen Forest MD — it has a narraweceptual scope. The
categories of Deciduous Forest are a little corapdid, as neither the DE category nor
the MD category is clearly subsumed by the othet,ihstead, they are overlapped
(Figure 3.7). But still, as much higher fraction @éciduous Forest DE parcels are
matched to Deciduous Forest MD than the other wayral, Deciduous Forest in

MD LULC should have a broader scope.
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Table 3.3 Results of Matching Deciduous Forestiewvelgreen Forest

a
DE MATCHED MD LULC
LULC

HUMAN | ALGORITHM
CONFORMING | NON-CONFORMING

DecFrst | DeciF DeciF(0.608) Brush(0.102) LowRes38)1
EvrgrnF | EvrgrnF | EvrgrnF(0.729)

b
MD MATCHED DE LULC
LULC

HUMAN | ALGORITHM
CONFORMING | NON-CONFORMING

DeciF DecFrst | DecFrst(0.204) MixFrst(0.152)
ShrbRng(0.162)

MixRng(0.179)

EvrgrnF | EvrgrnF | EvrgrnF(0.423) ShrbRng(0.113)
MixFrst(0.136)

EvrgrnF MD

Figure 3.6 Set Inclusion of Evergreen Forest
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Figure 3.7 Set Intersection of Deciduous Forest
Data Quality

After separating conceptual ambiguities, the nextise of non-conforming
matches relates to the data quality of LULC magsally, a concept is represented by
the commonality of all its instances, and everyanse exemplifies thatensionof
the concept. However, in a real world, errors ae/gsive: they will happen on the
conceptual level as conceptual ambiguities, ang ik happen in instances as data
errors and will undermine the representative poafeinstances as an important
means to understand the concept. If we considaylzCl.category as a concept, then
a land parcel is an instance of this concept, aedefore each parcel is expected to
comply with the categorical definition. However, asors in the delineation and
labeling of land parcels are inevitable, non-comfilg matches resulted from these

errors are also inevitable.

A common data quality issue reflected in LULC maygproots in mistakes
during the delineation process. Mistakes in logptine boundary of a parcel can
change its LULC status and lead to non-conformiragcimes. For example, as shown
in Appendix Il cell 7, the water body that natuydibcated in the center of a wetland

parcel is not excluded during delineation. Thesdamd parcels in MD then have a

94



strong feature of water in their LULC status, ameé anatched to Waterway or

Reservoir of DE LULC.

In some cases, when discerning the boundary of fendels, producers of the
LULC map did not exclude artificial structures frdand parcels that by definition
should be “structure-free” and caused mismatches.ekample, a Pasture parcel in
Maryland is shown in Appendix Il cell 8. This paree labeled as Pasture, which is
the primary LULC type of the parcel. However, saduildings are included in the
parcel, which make it more similar to Single Fanillwellings DE. This parcel may
also represent an omission of the multiple labeditrgtegy, under which it should be
labeled by the use of the building rather thanp@sture land occupying the main part
of it. There is a procedure error rooted in the Swliksifier that should also be held
accountable for this non-conforming match, and vk discuss it in the following

paragraphs on procedure errors.

A common type of data errors in the parcel boundialyneation is caused by
map displacement. Appendix Il cell 9 and 10 showdisplaced Deciduous Forest
parcel in MD matched to Mixed Rangeland DE, becaassé of the parcel is in the
neighboring rangeland area. Eliminating mixed/ti@msal pixels on parcel
boundaries always helps algorithm tolerate erroms t the displacement. But for a
rather displaced small parcel, such as the onepjmeAdix 1l cell 10, the elimination
does not work correctly. Pixels eliminated on tdgesare not the actual transitional
pixels, while the actual transitional pixels arepkend lead to non-conforming
matches. This displacement is not due to mis-negish (geometric errors should be

corrected in the preprocessing phase), but atetbud sporadic producer errors.
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Based on scrutinizing sampling data (10% of all -oonforming parcels), the
displacement leads to limited number (around 5% nah-conforming parcels in
random locations. For all parcels in the map, plescentage should be lower because
data quality issues happen more frequently on mmfecming parcels than

conforming parcels.
LULC Change

LULC change detection is one of the earliest rensetesing applications. LULC
change within a land parcel leads to the differemesveen the actual LULC status
and its labeled category. This difference can bealed by the algorithm, and leads
to non-conforming matches. LULC change can happeany LULC type, but some
types, such as Transitional, Bare ground, or Citeidrare especially vulnerable. For
example, in Appendix Il cell 11, newly grown cropisange the LULC status of a
Clear-cut parcel in DE to cropland. The algorithetetdted this change and matched it
to Cropland MD. This parcel is an example of deftaBon and agricultural
expansion. On the contrary, vegetation growth omamaged lands leads to LULC
change and non-conforming matches such as Baren@mlD to Mixed Rangeland
DE (Appendix Il cell 12), Brush MD to Evergreen Est DE (cell 13), Shrub
Rangeland DE to Deciduous Forest MD (cell 14), afided Rangeland DE to

Deciduous Forest (cell 15).

Deforestation and urbanization, another type ofaelyidbserved LULC changes,
are also found in our study area. In Appendix Il 46, the canopy cover of the
Mixed Forest parcel greatly decreases due to dpeedat, and finally the parcel is

disqualified from forestland. This parcel is mattiie Mixed Rangeland instead.
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Limitation of Remote Sensing

A substantial amount (42% of all non-conforming qeds in matching DE
LULC to MD LULC, 34% in matching MD LULC to DE LULTof non-conforming
parcels are due to the limitation of remote serisirapility of deciding the
relationship between observed land cover statusitanactual land use. Land cover
and land use are different concepts. Land covehasipes the physical cover of the
land (Turner et al. 1995), while land use emphasihe human employment of land
resources (Vink 1975, FAO 1995). Remote sensingmks land cover, and human

activities on lands are interpreted based on théeovation.

In LULC mapping, land cover functions as a “surtefa(Anderson 1976)
standing between remote sensing and land use. Howéns surrogating relationship
is not always decisive for all land cover and laisé types. Even largely reduced by
employing time series imagery and textural dat&, @imcertainty persists in this
surrogating relationship, and will lead to non-aoniing matches in the matching

result, especially those with high level non-confance.

This limitation of remote sensing is especially coom when separating urban
land use categories. After all, remote sensing aianell the use of individual
buildings and structures directly. For example,Eafarcel used for Retail, as shown
in Appendix Il cell 17, is matched to MD LULC categ High Density Residential.
In urban areas, remote sensing, even at the higpasitil resolution, is not capable of

mapping land uses accurately.

It is possible this limitation can attribute to timsufficient spatial resolution of

Landsat ETM+. This argument brings up several praves that have been taken to
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alleviate the influence and make up the insufficienFirst, mixed pixels on parcel
boundaries are removed. Second, image time seriggorporated as an important
measurement of vegetation phenology. Third, tekturgformation is also
incorporated, which is especially helpful in sepa@LULC categories with similar
color in remote sensing images but different pasieisuch as agricultural lands

(Appendix cell 18) and rangelands (cell 19).

It seems the limitation of spatial resolution candasily fixed by incorporating
higher resolution data. But in practice it is atlfuemuch more complicated, because
high resolution remote sensing has issues in dat@rage and availability, and

sacrifices temporal and spectral abundance.

Another approach to break this limitation goes lmelygemote sensing. For
example, to separate agricultural lands, such asha@ds/Nurseries/Horticulture,
Pasture, and Cropland, remote sensing alone ismatgh. GIS data about soil types,
topography, and local climatology need to be inocafed. By combining specific
GIS data such as building information with remoensing, Wu et al. (2009)
successfully separate urban land uses in Austirad.eln addition to GIS data,
lexical semantics also hold the key to solving tirisblem. For example, while it is
very difficult to separate Feeding Lots from Fammaslts in remote sensing, the most
naive natural language processing (e.g. string eoisyn) is adequate to tell the
difference and match them correctly. The followiclgapter has the discussion on

combining lexical semantics with remote sensing.
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Procedure Error

Procedure error is the algorithm error rooted ie thatching process and
irrelevant to conceptual ambiguity, data qualityJUC change or the limitation of
remote sensing. As our method is completely autedjathere is no room for
uncertainties and human factors in the whole allgorj and this makes the algorithm
deterministic. Now it may seem a little paradoxi¢al discuss procedure error,
because if there are procedure errors in the dfgoriwhy the errors are not fixed in
the first place? The answer is procedure errorgraanevitable byproduct resulted
from the core functions of the algorithm. There @ types of procedure errors
isolated in the algorithm, the first one relateshe side effects of the SVM classifier

and the second one concerns the removal of pixetacocel boundaries.

In the matching results, an interesting findinghe categories of Low Density
Residential MD and Single Family Dwellings DE setnbe two popular choices in
matching, even for categories that seem semantiaat spectrally different from the
two. When matching MD LULC to DE LULC, 7 varioustegories, ranging from
High Density Residential to Pasture, have more @ of all their parcels matched
to Single Family Dwellings of DE LULC. Also when tching DE LULC to MD
LULC, 6 various categories, such as Mobile Home®and Mixed Forest, matched

to Low Density Residential MD with a similarity afore than 10%.

This interesting finding cannot be explained by sesu discussed before. It
concerns the mechanism of support vector machivMjSclassifier (Cortes and
Vapnik 1995) used in the algorithm (section 3.3.Despite the complicated

mathematics behind SVM, its main idea is quiteigiidorward: finding a hyperplane
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to separate the instances into two classes, wtaohntaximize the margin between
the two separated classes. In his comprehensidy stlivarious classifiers, Kuan
(2010) pointed out that SVM classifier generallyepperforms other classifiers in
terms of accuracy and error tolerance. This igélason why SVM is chosen to be the

classifier in this study.

However, this effective design of SVM also leadsihounwanted side-effect. As
Kuan (2010) pointed out, “when a class is giveneroaining data, the hyperplanes
around this class will be pushed outwards, erodihgr classes (Kuan 2010).” This
eroded class therefore attracts more matches. Toae@ class, Single Family
Residential, constitutes 12% of all parcels in DHLC map, and Low Density
Dwellings constitutes 19% of all parcels in MD. &ddition to the quantitative
advantage, these two categories also have highitgrio multiple labeling, which
means a variety of original land covers, such asgRand, Forest, or Wetland, will
be observed in these categories. The variety ad leover status means a large
deviation and therefore much erosion in the spespace, and leads to many non-
conforming matches to Low Density Dwellings MD a8hgle Family Residential
DE. Kuan (2010) discussed the influence of claggpgntions in the training set on

the classification result, but an almighty optintiaa strategy is yet to come.

The second type of procedure errors relates tadimval of pixels on parcel
boundaries. As discussed before, this removal isessary and beneficial to
increasing the accuracy. However, for a parcel long and narrow shape (Appendix
Il cell 20), pixels to be removed on the parcel tary compose a large portion of

the whole parcel. Therefore, losing a substantiaunt of its pixels, the Deciduous
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Forest parcel (Appendix Il cell 21) becomes unidiaiiie and matched to Low
Density Residential incorrectly. An easy fix togharror is to only consider parcels
large enough and in relatively regular shapes.heartliscussion of this remedy can

be found in chapter 5.

Table 3.4 Percentage of non-conforming parcelgate to different causes

Conceptual | Data Quality | LULC Limitation Procedure

Ambiguity Change of RS Error
DEtoMD | 45.4% 0.1% 4.2% 41.8% 8.5%
MDtoDE | 35.7% 15.1% 10.8% 34.3% 4.1%

Calculated from 10% sampling of all non-conformpaycels, the percentage of
parcels attribute to each of the five causes avesshn Table 3.4. In the table, we can
see Conceptual Ambiguity and Limitation of Remoen&ng are two main causes
that are responsible for 87.2% of non-conformingcels in the matching from DE
LULC to MD LULC, and 70% from MD LULC to DE LULC. B LULC map is
better representing the actual LULC status of itme than MD LULC map, because
only 0.1% non-conforming matches attribute to datality issues of the DE LULC
map and 4.2% non-conforming matches are causedcimcorded LULC changes,
while these two numbers are 15.1% and 10.8% for IMIDC. Procedure errors are

responsible for only a few cases of nhon-conformandkis two-way matching.

The isolation of different causes of non-conformeaig necessary. Conceptual
ambiguity is on the conceptual level, where therlasemantic heterogeneity occurs
and goes all the way down to non-conforming matchdaving conceptual
ambiguities isolated, data quality is the issud tha semantics or th@atensionof

concept is not represented by LULC data correatlye to mistakes in producing
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maps and/or LULC change. These are the causesmedardormance on the producer
side. On the user side, non-conformance is caugddeldimitation of remote sensing

(or particularly Landsat ETM+) and procedure errors

After different causes separated, non-conformamcéhe producer side or the
user side should be treated differently. On onedhfinding the non-conformance on
the producer side is the purpose of remote-sernsasgd algorithm. Conceptual
ambiguities reflect the difference between how d Cltoncept is defined in text and
how it is used on the ground, and provide a vakiadight needed in the semantic
integration of LULC classification systems. Findilsgues on data quality and LULC
change are more helpful to the ultimate goal — gatisl data interoperability. On the
other hand, non-conformance on user side needs &iminated. Further discussion

on this is in the following chapter 5.

3.4 Conclusions

In this chapter, we presented the method of apglyemote sensing to the
integration of LULC classification systems. Remséasing is a means of observation
on actual LULC status, and it observes individuatcels. We therefore calculated
parcel level statistics from spectral and textaata, and imported these statistics of
parcels from different areas in a SVM classifiertrasning and testing respectively.
Then an extensional similarity measurement is ambpto calculate category
similarity from parcel level matches, and the matglcategories are compared with

human evaluations, which are based on names acdmteEmns.
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The matching results showed this remote sensingdoagpproach largely
improved performance over the previous lexical sgmamethod (Zhou and Wei
2008): the average of 11-point precision has imgdoyrom 0.34 to 0.66 when
matching DE LULC to MD LULC, and from 0.35 to 0.@hen matching MD LULC

to DE LULC.

More importantly, remote sensing based method deed and reduced
semantic heterogeneities between LULC descriptioBased on discovering
confounding conflicts, the method estimated the as#in relation between LULC
categories. Since the method compares LULC categtwy their actual LULC status
via remote sensing rather than potential confusiagnes, it naturally has the
capability to reconcile naming conflicts. With sertia heterogeneities discovered
and reduced, remote sensing here served as thslatian between semantic
heterogeneous LULC classification systems, and énepoabled LULC data

interoperability, which is the foundation of regad. ULC dynamics analysis.

From examining mismatched parcels on high resoluiimagery, five causes
leading to non-conformance between algorithm anddruevaluation are separated.
They are 1) conceptual ambiguity, 2) LULC data dyal3) LULC change, 4)
limitation of remote sensing, and 5) procedure rerAmong these five causes,
conceptual ambiguity, source of semantic heterdgesg is responsible for the
majority (45% and 36%) of all non-conforming pasceh the experiments of

matching DE to MD and MD to DE.

Conceptual ambiguity, LULC data quality, and LULBaoge are controlled by

the producers of the LULC map, and the limitatioih remote sensing and the
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procedure error are on the user side. Producerasideuser side non-conformance
should be separated and treated differently. Diéog producer side non-
conformance (mainly caused by semantic heterogeseit LULC classifications and
defects in LULC data) is one important purpose eshote sensing based matching
algorithm. Reducing the impact of user side nonf@mgnance helps producer side
non-conformance stand out. The method of reducssy side non-conformance will

be discussed in chapter 5.

In this chapter, our method is illustrated by matghMD LULC and DE LULC.
In the next chapter, we will test the method’s gapical generality by

incorporating LULC classification system from Neersey area.
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Chapter 4. Generality of Integration Based on RenS#nsing

4.1 Introduction

In chapter 3, we proposed using remote sensing @rcome semantic
heterogeneities between different LULC classifmatisystems. The method is
demonstrated by matching MD LULC and DE LULC, ain tmatching results
showed our remote sensing based approach sucdgsshadtched semantic

heterogeneous LULC classification systems usedinavd DE.

But in order for this remote sensing based matckonige meaningful in LULC
study, one successful example of integration isemotugh. Instead, we need to know
if the matching method based on remote sensindpeapplied to other classification
systems and how well it will perform. Namely, dogshave the geographical

generality needed in LULC study?

In terms of methodology, there is not a single steghe algorithm that is
location specific or related to geographical limda. Instead, the geographical
generality of a remote sensing based matching rdehibdepend on the availability
and applicability of remote sensing data. If reng#asing is able to translate between
the LULC classification definitions, matching basedremote sensing can be applied
to LULC information from even remote areas, whesridal semantic methods is
powerless due to the linguistic barrier. Landsatdas the data of choice of the
method in chapter 3, has a global coverage, aisddiésigned to provide observation
on Earth surface, especially LULC. Hence, the datailability and applicability

would not limit the geographic generality of thigtmod.
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LULC depends on many factors, such as soil typenatke, topography,
hydrology, et al., and it varies geographically.the LULC classifications in two
places are greatly heterogeneous due to one oradenfethese factors rather than
mere naming conflicts, we could expect the matchmegult contain many
confounding conflicts and hence become less confgro human evaluations that

are based on textual descriptions.

Based on the discussion above, we make a hypotthegithe matching method
based on remote sensing has the geographical ¢jgnenad is able to produce
integration results conforming to human evaluatiiintwo areas have similar
geographical factors. In this chapter, we will tdgs hypothesis by adding a new
LULC classification system used by the State of Nlensey (NJ LULC) (Figure 4.1,
Appendix 1) to the testing datasets, and compavétit MD LULC and DE LULC.
As adjacent areas, NJ LULC has similar soil typémate, hydrology, and

topography as MD LULC and DE LULC.

4.2 Study area and data

In Figure 4.2, we can see the southern New Jessepvered by the Landsat
scene path 14 row 33, the same scene used in mgtbiid LULC and MD LULC.
Although the matching algorithm is not location gfie, it does require the study
area is covered by same or similar sensors. Chgdbkis adjacent New Jersey area

enables the reuse of previous Landsat images ahddédata (Table 4.1).
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Figure 4.1 Taxonomy of NJ LULC classification syste
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The originator of NJ LULC is the New Jersey Depaminof Environmental
Protection (NJDEP), Office of Information Resourdéanagement (OIRM), Bureau
of Geographic Information Systems (BGIS). Using aodified Anderson
classification system, “the 2002 NJ LULC data waeated by comparing the
1995/97 LULC map from NJDEP's geographical infoioratsystems database to
2002 color infrared (CIR) imagery and delineatingeas of change

(http://www.state.nj.us/dep/gis/digidownload/metadaic02/w01lu02.htm)

d_

0 02 04 0.8 Decimal Degrees
Y I I T N |

Figure 4.2 Study area: NJ covered by Landsat spatiel4; row 33
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4.3 Assessment of the NJ LULC classification system

In the taxonomy presented in Figure 4.1, the categavith meaningful names
are used in the LULC map, while those denoted bglyyumeric codes are not used
in the LULC map but as space holders in the taxgno@bviously, these space
holders represent meaningful LULC concepts. A cetepldescription of all
categories of NJ LULC, either used in LULC map ostjas space holders in the
taxonomy can be found on the official website o€ tBtate of New Jersey:

http://www.state.nj.us/dep/qis/digidownload/metadaic02/anderson2002.html

An obvious difference between NJ LULC and DE or MDLC is that NJ
LULC is more finely divided than MD and DE LULC. At half of the NJ LULC
categories actually used in map are on level Zll2vand level 4 categories compose
the other half. But in MD LULC and DE LULC, mosttegories in use are on level 2,
along with several level 3 categories. Wetlandthaslevel 1 category in both MD

LULC and DE LULC classification systems, is furtttvided in NJ LULC.

As introduced in section 3.3.2, an assessment base&piteri’'s simplified
model for facet analysis is performed to locate pb&ential conceptual ambiguities
and errors in NJ LULC classification system. Samagples in section 3.3.2 are

tested on the categories of NJ LULC.
PRINCIPLES FOR THE IDEA PLANE
Principles for Choice of Facets

a) Principle of Differentiation
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This principle advises that categories in a classibn system should be clearly
separated, and therefore each land parcel belangsspecific category with total
certainty. NJ LULC categories (including mixed gaiges) follow this principle well.
Theoretically, there will be no difficulties to &gs the appropriate category of NJ
LULC to each parcel, as long as the parcel is desdrthoroughly. However, since
NJ LULC is not designed to use with specific rerhpteensed data, a parcel,
especially which belongs to high level categorimgght not be fully described by
Landsat. In these cases, conceptually separabkerdiianean separable at a specific
mapping scale, and therefore the confusion betwagh level categories may be

observed in the matching result.
b) Principle of Relevance

This principle advises that the choice of facetsusth reflect the purpose of the
classification. NJ LULC data is originated by ewvimental protection authorities to
provide information for regulators, planners, atideos interested in LULC changes.
Extending the Anderson system to level 4, NJ LUl&ssification system fulfills its

purpose well.
c) Principle of Ascertainability
NJ LULC classification system is built upon defendnd ascertained facets.
d) Principle of Permanence

It is nearly impossible to find permanent qualitiesemote sensing that can be
used to categorize the parcels that are undergai@ change. As usual, the impact

of LULC change in NJ LULC is inevitable to see lretintegration results.
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e) Principle of Homogeneity and Principle of Mutudxclusivity

Homogeneity and mutual exclusivity are both reltio the discriminating
power. Under a consistent discriminating power, ghaciples of homogeneity and
mutual exclusivity require each category to be hgemzous but mutually exclusive
among each other. In NJ LULC, however, using a mgacategory and its direct
subcategories to label the LULC map broke the gotued homogeneity and mutual
exclusivity. For example, category Other Urban ailBup Land (1700), Cemetery
(1710) and Cemetery on Wetland (1711) are all usedNJ LULC map. This
confusing categorization broke the homogeneityatégory Other Urban or Built-up
Land and category Cemetery, and destroyed the inexabusivity between each two
of the three. Several more similar confusing cateegtions are observed in NJ LULC.
A logical explanation to this embedded categortwais that a parcel, if assigned to
any subcategory, will be excluded from the paretégory. However, NJ LULC did
not explicitly define this mutual exclusivity. Inatching NJ LULC to MD and DE
LULC, although logically flawed, this type of comsion will not cause serious non-
conformances because it happens to high level aaésgwhile categories in MD and
DE LULC are mainly on level 2. That is, if a pareategory and its subcategories of
NJ LULC all match to a same category in MD or DEUQJ their inner mutual

exclusivity is not considered any more.
f) Principle of Fundamental Categories

As a modified Anderson classification system, NLOklassification system is

built on the facets related to the nature of LUL@lgsis.
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Canon of Exhaustiveness

To ensure the exhaustiveness, “catch-all” subcaiegosuch as Other Urban or
Built-up Land, Other Agriculture, and Undiffererted Barren Land are included in
NJ LULC classification systems. Normally, the setr@ampurity of the “catch-all”
categories is very much a challenge. In NJ LULGwéwer, the intension of these
“catch-all” categories is clearly defined by thelleritten category descriptions and

the fully developed taxonomy.
Principles for Citation Order of Facets and Foci
a) Principle of Relevant Succession

The hierarchy of NJ LULC classification system eefs the natural scopes of

each level of categories.
b) Principle of Consistent Succession

The order of facets used in NJ LULC classificatsystem is not modified after

established.

The result of the assessment shows, except some flagvs resulted form
overlapping super category and subcategories, NLCLUn general is well
categorized and documented. However, as aforenmeatjoNJ LULC classification
system is not designed to use with specific remodehsed data, and conceptually
separable high level categories may not still lp@ssble in Landsat images, and non-
conformance due to this inseparability will showmatching results. Furthermore, it
is important to point out that since the matchimgcpss involves at least two LULC

classification systems, reliable integration is woly based on the soundness of
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classification on the source side (NJ LULC), bwoabn the target side (MD LULC
and DE LULC). All confusions in MD and DE LULC deftions (see section 3.3.2)

will also have an impact on the integration.

4.4 Matching Results

As before, the human evaluation gives matchinggoates for each category
rather than the similarity value. Human evaluatanatch LULC classification
systems in a one-way fashion: from the system witiher level categories to the

system with lower level categories, in this casemfNJ LULC to MD or DE LULC.

The matching result is shown in Table 4.1 (a) NLCUo MD LULC and (b)
NJ LULC to DE LULC. In both tables, categories demoted by codes introduced in
Appendix I. The columns from left to right meanNJ LULC categories, 2) match(es)
in MD (a) or DE (b) LULC by human evaluators, 3némrming matches (algorithm
and human match same), and 4) non-conforming mst¢akgorithm and human
match different). The number in the parentheseer afach algorithm result (in
column 3 and 4) is the similarity of that matchlcaated as the ratio of the number

of parcels in this match to the number of all plr@e the source category.
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Table 4.1 Results of Matching NJ LULC to MD LULC)(and NJ LULC to DE

LULC (b).
a
MATCHED MD LULC
NJ LULC by ALGORITHM
by HUMAN
CONFORMING NON-CONFORMING
HighRes HighRes HighRes(0.511) Indstrl(0.116) Cqth&B6)
MedRes MedRes MedRes(0.317) Comm(0.139) HighR&kLD.
LowRes LowRes LowRes(0.190) Brush(0.143) MedR&3(®.
RurlRes LowRes LowRes(0.192) MedRes(0.157) Brugb@)
; LowRes MedRes
MixRes HighRes Wetland(0.5) OpenUrb(0.5)
Comm Comm Comm(0.361) HighRes(0.296) Indstrl(0)229
Milit Inst Indstrl(0.636) HighRes(0.181)
Indstrl Indstrl Indstrl(0.577) HighRes(0.118) Corftn211)
Trans Indstrl(0.275) Wetland(0.120)
P HighRes(0.147) Comm(0.178)
Road Comm(0.193) HighRes(0.387)
Wetland(0.129) MedRes(0.193)
Bridge Water(1.0)
Airport HighRes(0.189) Indstrl(0.405)
Brush(0.370) .
WitindWa Brush Wetland Wetland(0.191) DeciF(0.131) LowRes(0.101)
OpenUrb(0.117) Inst(0.117)
UpldwaD Comm(0.176) LowRes(0.117)
HighRes(0.176)
UpldWa Brush Brush(0.310) Pasture(0.132) LowRé&&@®).
Indstrl(0.181) HighRes(0.163)
StrmBas Comm(0.228)
ICCmplx Indstrl Comm HighRes(1.0)
: Comm(0.313)
MixUrb ALL URBAN HighRes(0.509) _
OthrUrb BrGrnd OpenUrb (H;I(?rgﬁe((s)(go%& Indstrl(0.133)
Cemet OpenUrb OpenUrb(0.103) Pasture(0.151) Ag®Id.03)
WtCemet OpenUrb Wetland AgrBldg(0.5) Pasture(0.5)
Phr Wetland(0.5) HighRes(0.25)
9 Comm(0.25)
Mngwitld Pasture Wetland Pasture(0.222) Comm(0.HighRes(0.126)
Recreat OpenUrb mggtﬁ?cf(zoz'é?g) Comm(0.157)
Athlet Inst Inst(0.107) Egg‘j”(;g’(-gzl%{l')”ds”'(o-256)
Stadium Inst HighRes(0.263) Indstrl(0.526)
MngWtRe | OpenUrb Wetland OpenUrb(0.148) Eéf(tgrfﬁ')ln) AgrBldg(0.111)
CrpPstr Crop Pasture Pasture(0.221) FeedOp(0.124)

Crop(0.169)
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MATCHED MD LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING NON-CONFORMING

Agriwet \(/:Vrgtrl)azgsmre g;%%?é%gz)lo) FeedOp(0.110) AgrBIldg(0.146)
FmAgrwt | Wetland Brush Brush(0.163) Bgi}g;gggbzss)@ LowRes(0.221)

AgrBldg(0.138) FeedOp(0.112)
OrchHrt OrchHrt Indstrl(0.129) Crop(0.107)

Pasture(0.113)
FeedOp FeedOp Comm(0.102) Indstrl(0.346)
OthrAgr (F;%%%(?gpAgrBldg ég;%g%((%]igg)) Pasture(0.142) Indstrl(0.186)
DeciF10 DeciF Brush Brush(0.352) MedRes(0.102) Reg(0.121)
DeciF50 DeciF DeciF(0.175) Brush(0.383) LowRes3a)1
ConiF10 EvrgrnF Brush EvrgrnF(0.340)

rush(0.392)

ConiF50 EvrgrnF EvrgrnF(0.675) Brush(0.126)
Plant EvrgrnF EvrgrnF(0.751)
w0 | SR B e
MxCon50 | MxFrst EvrgrnF EvrgrnF(0.468) Brush(0.326)
MxDec10 | gtist DeciF Brush(0.483) EvrgrnF(0.170)
MxDec50 MxFrst DeciF EvrgrnF(0.206) Brush(0.514)
OldFId Brush Brush(0.129) Comm(0.108) Pasture®).16
PhrgOld Brush Brush(0.103) MedRes(0.103) Wetlard(D)
DecBrsh Brush Brush(0.254) LowRes(0.165) DeciF{8)1
ConBrsh Brush Brush(0.273) EvrgrnF(0.274)
MxBrush Brush Brush(0.342) LowRes(0.157)
BrUplind BrGrnd Brush(0.416) EvrgrnF(0.5)
Stream Water Water(0.125) Wgﬁgﬁ%&f%g)\"gmF(O'333)
NatLake Water Water(0.289) Wetland(0.5)
Rsrvr Water Water(0.594) Wetland(0.152)
TdIRiv Water Wetland wgigrg%(?(f%l)
TdIBay Water Water(0.767) Wetland(0.125)
Dredge Water Water(0.294) HighRes(0.176) Wetladd(D)
Ocean Water Water(0.619) Wetland(0.142)
SIMrsh Wetland Wetland(0.638) Water(0.247)
SIMrshV Wetland Wetland(0.603) EvrgrnF(0.116)
FrMrsh Wetland Wetland(0.595) Water(0.107)
VegDune Wetland Wetland(0.204) Comm(0.108) In@x1897)
PhrgCwit Wetland Wetland(0.677)
DecwWdwt | Wetland DeciF DeciF(0.149) Brush(0.283)denF(0.254)
ConWdwt | Wetland EvrgrnF EvrgrnF(0.831)
CedarWt EvrgrnF Wetland EvrgrnF(0.905)
DecBrwit Brush Wetland Brush(0.25) EvrgrnF(0.225)

Wetland(0.219)
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MATCHED MD LULC

NJ LULC by HUMAN by ALGORITHM
y CONFORMING NON-CONFORMING
Wetland(0.114)
ConBrwit Bru§h Wetland Brush(0.179) EvrgrnF(0.507)
MXBIWID | it MxFrst Wetland(0.171) EvrgrnF(0.336) Brush(0.254)
EvrgrnF MxFrst Wetland(0.211)
MxBrwiC Wetland EvrgrnF(0.382) Brush(0.236)
Wetland(0.340)
HrbWINT | Brush Wetland Brush(0.151)
PhrgWet Wetland Wetland(0.462) Brush(0.148) EVF{tn118)
DeciF MxFrst
MXFIWID | oes XS EvrgrnF(0.519) Brush(0.249)
E F MxFrst
MXFIWIC | (el VTS EvrgrnF(0.701) Brush(0.149)
BrndWet BrGrnd Wetland Wetland(0.5) EvrgrnF(0.5)
Beach Beach Beach(0.305) HighRes(0.186) Inds23g).
BrGrnd BrGrnd
Extr Extr Beach(0.142) Indstrl(0.630)
AltLnd Indstrl(0.278) Comm(0.245)
DstrbWt Wetland Wetland(0.292) Indstrl(0.102) Bi(&116)
Transi OpenUrb BrGrnd Indstrl(0.384) Comm(0.103)
Barren BrGrnd Indstrl(0.705)
b
MATCHED DE LULC
NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
: MultFam(0.433)
HighRes MultFam MbIHmM MbIHM(0.140) Indstrl(0.125)
. SinFam(0.227) .
MedRes SinFam MbIHm MbIHM(0.150) MultFam(0.183) MixRng(0.128)
LowRes SinFam SinFam(0.202) MixRng(0.228)
RurlRes SinFam SinFam(0.152) MixRng(0.189)
; SinFam MultF
MixRes Mo M MbIHmM(0.5) Watrway(0.5)
Retail VclAct ;
Comm Warehs OthrCom Retail(0.159) MultFam(0.328) Indstrl(0.107)
o Retail(0.363) InldSnd(0.181)
Milit Inst MultFam(0.181)
Indstrl Indstrl Indstrl(0.316) Warehs(0.134) REtail31)
Indstrl(0.124) MultFam(0.125)
Transp Retail(0.110)
Road SinFam(0.150) MultFam(0.473)
Bridge BayCove(1.0)
: MultFam(0.175) Feedlot(0.108)
Airport Indstrl(0.202)
MixRng(0.153) ShrbRng(0.280)
WilindWa Wetland Wetland(0.179) Evrgrmi(0.161)
MixRng(0.117) Feedlot(0.117)
UpldwaD SinFam(0.176) MblHmM(0.117)

MixUrb(0.176) Frmstd(0.176)
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MATCHED DE LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
UpldWa ShrbRng MixRng '\S/lr:);legggzolg%)
StrmBas MultFam(0.157)
INDUSTRIAL &
ICCmplx COMMERCIAL MultFam(1.0)
MixUrb MixUrb MultFam(0.490)
OthrUrb OthrUrb MultFam(0.138)
Cemet OthrUrb OthrUrb(0.124) Frmstd(0.117) SinFadg7)
WtCemet OthrUrb Wetland OrchHrt(0.5) Frmstd(0.5)
Phr Utility(0.25) MultFam(0.5)
9 MbIHmM(0.25)
Pasture HerbRng HerbRng(0.111)
MngWild Wetland Pasture(0.126)
Recreat Recreat Recreat(0.103)
Athlet Inst Feedlot(0.164) Recreat(0.107)
. Indstrl(0.263) InldSnd(0.105)
Stadium | Inst MultFam(0.157)
MngWtRe | Wetland Recreat Recreat(0.222) Pasturzg).1
CrpPstr Crop Pasture Eﬁg&zgei%é)%)
: Crop Pasture Crop(0.191)
Agriwet Wetland Pasture(0.110)
IdleFId Wetland IdleFId(0.2)
FmAgrwt | HerbRng ShrbRng | MixRng(0.173)
MixRng ShrbRng(0.268)
OrchHrt OrchHrt Crop(0.107) Trans(0.113)
FeedOp Feedlot Feedlot(0.204) Frmstd(0.183) 1t{8st02)
OrchHrt Feedlot
OthrAgr OthrAgr Feedlot(0.122) Frmstd(0.134)
: DecFrst ShrbRng ShrbRng(0.196)
DeciF10 MixRng MixRng(0.192) Wetland(0.198)
: Wetland(0.254) MixRng(0.189)
DeciF50 DecFrst ShrbRng(0.216)
. EvrgrnF ShrbRng EvrgrnF(0.361)
ConiF10 MixRng ShrbRng(0.152) Wetland(0.189)
ConiF50 EvrgrnF EvrgrnF(0.685)
Plant EvrgrnF EvrgrnF(0.758)
: ShrbRng(0.161)
MxCnF10 '\Sﬂr'])ﬁglr?srt] EKZ%{QE EvrgrnF(0.233) Wetland(0.283)
9 9 MixRng(0.123)
MxCon50 | MixFrst EvrgrnF EvrgrnF(0.387) ShrbRng(@) Wetland(0.286)
MixFrst DecFrst ShrbRng(0.183)
MxDec10 ShrbRng MixRng MixRng(0.130) Wetland(0.358) EvrgrnF(0.117)
; EvrgrnF(0.132) ShrbRng(0.166)
MxDec50 | MixFrst DecFrst Wetland(0.432) MixRng(0.103)
OldFld HerbRng MixRng MixRng(0.104)
ShrbRng ClrCut CIrCut(0.113)
PhrgOld HerbRng MixRng MixRng(0.344) ShrbRng(0.103
; MixRng(0.195)
DecBrsh ShrbRng MixRng ShrbRng(0.231) Wetland(0.114)
ConBrsh ShrbRng MixRng ShrbRng(0.141) EvrgrnF(0.307)

MixRng(0.130)
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MATCHED DE LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
HerbRng ShrbRng | ShrbRng(0.243)
MxBrush MixRng MixRng(0.180) Wetland(0.157)
BrUpind CiIrCut Trans EvrgrnF(0.333) Wetland(0.416)
EvrgrnF(0.25) Wetland(0.333
Stream Watrway NtrIng(O.(291)) ( )
NatLake NtriLk NtriLk(0.421) MixRng(0.105) Rsrvr(031)
Rsrvr Rsrvr Rsrvr(0.316) BayCove(0.205) Watrwayfs)
TdIRiv BayCove Wetland BayCove(0.533) Rsrvr(0.19&trway(0.236)
TdIBay BayCove BayCove(0.678) Watrway(0.178)
Dredge Rsrvr Watrway Watrway(0.705) BayCove(0.117)
Ocean BayCove BayCove(0.761) Indstrl(0.142)
SIMrsh Wetland E;;%g\%(()olggg)g)w atrway(0.146)
EvrgrnF(0.185) Watrway(0.190)
SIMrshV Wetland MixRng(0.159)
Watrway(0.227) MixRng(0.161)
FrMrsh Wetland BayCove(0.105)
VegDune Wetland InldSnd InldSnd(0.277) Indstri@2LMultFam(0.144)
Watrway(0.219) EvrgrnF(0.189)
PhrgCwit Wetland MixRng(0.193)
DecWdWt | Wetland DecFrst Wetland(0.426) MixRng(A.LEvrgrnF(0.119)
EvrgrnF(0.783)
ConWdwt | Wetland EvrgrnF Wetland(0.103)
CedarWt EvrgrnF Wetland EvrgrnF(0.893)
Wetland(0.215)
DecBrwit ﬂ:;gﬁng Wetland ShrbRng(0.105) | EvrgrnF(0.215)
9 MixRng(0.171)
ShrbRng Wetland
ConBrwit MixRng EvrgrnF(0.534)
Wetland(0.223)
MxBrwtD ggz:tl):Fregtgl\Xi\i??tEnd ShrbRng(0.109) | EvrgrnF(0.302)
9 MixRng(0.143)
Wetland(0.205)
MxBrwic | hreRAg Wetland | gy gme(0 370)
9 9 | MixRng(0.176)
ShrbRng(0.105) EvrgrnF(0.128)
HroWtNT | Wetland HerbRng MixRng(0.145)
Watrway(0.135) EvrgrnF(0.192)
PhrgWet | HerbRng Wetland ShrbRng(0.130) MixRng(0.205)
MxFrwtD \I\//IV&}I:?Qtd DecFrst Wetland(0.469) EvrgrnF(0.301)
Wetland EvrgrnF Wetland(0.305)
MxFrwiC MixFrst EvrgrnF(0.539)
BrndWet HerbRng Wetland Wetland(0.5) NtrlLk(0.5)
Watrway(0.126) Indstrl(0.246)
Beach Beach Beach(0.149) | gayCove(0.104) InidSnd(0.208)
BrGrnd
Extr Extr Extr(0.275) Indstrl(0.153) InldSnd(0.)78
AltLnd
DstrbWt Wetland EvrgrnF(0.147)
Transi Trans Feedlot(0.121)
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MATCHED DE LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
Barren InldSnd InldSnd(0.235) Extr(0.220) Trans82)
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Matches in Table 4.1 with the similarity less thanthreshold of 0.1 are
considered to be noises and discarded. We use rdwsipn-conformance metric,
introduced in section 3.4.2, to evaluate the atgorito human matches. The 11-point
interpolated precision (Manning et al. 2009) isserged in Figure 4.3 (a) matching
NJ LULC to MD LULC, and (b) matching NJ LULC to DBJLC. The algorithm is
compared with an automated feature based semantéigration method applied to
geospatial data portals (Zhou and Wei 2008). Asvshia Figure 4.3, our integration
method based on remote sensing has a much beéligverformance than previous
feature-based method in both NJ to MD and NJ toeRperiments. When matching
NJ LULC to MD LULC, the conformance rate is 78%gdamhen matching NJ LULC
to DE LULC, the conformance rate is 70% (both nurebare calculated when

threshold is set to 0.1).

a
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Figure 4.3 Precision-conformance curve of MatchigLULC to MD LULC
(@), and NJ LULC to DE LULC (b). RS stands for aamote sensing based
integration method. TXT stands for the lexical setitamethod in (Zhou and Wei

2008).

4.5 Discussion on Non-conformance

The disparity of non-conforming matches is measurgdthe level of their
minimal common upper category. The average digpbavtel of matching NJ to MD
is about 0.50 and 0.41 for NJ to DE. A value neérrieans that about half of the
non-conforming matches happen on level 2 and therdtalf on level 1, given there
are very few level 3 non-conforming matches. If W@k at the level O non-
conforming matches, we can find several of them aased by errors in parcel
delineation. For example, Beach parcels in NJ astakenly matched to Bays and
Coves of DE LULC (Appendix Il 27) due to wrong parboundaries. But for most

of the level 0 non-conforming matches, two mairegaties are observed. The first
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category includes mismatches between urban andurbam categories, which are
caused by several causes discussed in section. 3.Béb second main category
involves the conceptual ambiguities in the defamtof Wetland. As before, a random
10% sampling for each non-conforming match is useguantify the impact of each

cause on integration.
Level 0 non-conforming matches

55% of level 0 non-conforming matches are categdrias the urban/non-urban
mismatch, when matching NJ LULC to MD LULC. Theree aseveral reasons
responsible for this type of mismatch, among whialitiple labeling(section 3.4.3)
is commonly observed. For example, Residentialgl8itunit, Low Density) of NJ
LULC is matched to Brush of MD LULC (Appendix Il 22because some residential

areas are built on bushy areas that still prestivéeatures of brush land.

On the other hand, matching non-urban parcels barurcategories is more
complicated. For example, some parcels of NJ LULG@Gtegory Mixed
Deciduous/Coniferous Brush/Shrubland are matchedote-Density Residential of
MD LULC. Multiple labeling alone cannot explain shtype of match. Although
Low-density Residential lands can be similar to &tix Deciduous/Coniferous
Brush/Shrubland, it is hard to explain why thesexédi Deciduous/Coniferous
Brush/Shrubland parcels are not matched to confagyneategories, such as Brush
land. Behind this are several reasons. First, as@fentioned, a substantial amount
of MD Low-density residential parcels are in brushshrub land, and this explains
the spectral similarity. Second, if there is a cedible non-vegetated “hole” (e.g. bare

soil) in a brush parcel, Landsat data are not tabéecurately tell if it is a bare ground
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or a building top (section 3.4.3, Limitation of Reta Sensing). In these cases, Low-
Density Residential is a more preferable categorytliese brush parcels. Third, a
SVM classifier's side effect introduced in the pedare error part of section 3.4.3
also contributes to this non-conforming match. Whemning a SVM classifier, a

category (such as Low-Density Residential) withgéaiand heterogeneous training
samples tends to push the hyperplane outward aerkftie becomes a more
preferable category to match. The combination eks¢hthree factors leads to the

match from several non-urban types in NJ to urlzdegories of MD LULC.

Other causes of urban/non-urban mismatches incladd use change and
procedure error. Land use change may convert prsui@n-urban parcels to urban
areas. For example, Transitional Areas (sites undestruction) parcels matched to
Industrial after the construction is complete (Apgi 11 24). A kind of procedure
errors that relates to the removal of pixels oncglaboundaries is also partially
responsible for several mismatches involving LUL#&Zqgels that usually are long and
narrow in shape. For example, some Dredged Lagaocefs in NJ are matched to
Low-Density Residential of MD LULC (Appendix Il 28nd 26). This is a strange
mismatch, because spectrally they should be wdgrdiit. We look at the parcels of
this mismatch and find out that Dredged Lagoon gdarare always too narrow to be
effectively captured by Landsat ETM+, and mixedgbéxare pervasive in the parcels.
In this case, removing pixels on edges cannot fgumpixels, but has uncertain
effects on the matching. An easy fix of this prabls to discard small parcels from

the matching process, and our next chapter witludis the results of this experiment.
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When matching NJ LULC to DE LULC, urban/non-urbaonfconforming
matches constitute a proportion of 27% of all leeglon-conforming matches. The
majority (62%) of level 0 non-conforming matchesveen NJ LULC and DE LULC
are caused by the semantic heterogeneity betweedetimitions of the category and
sub-categories of wetland. NJ LULC has a rathenildet definition of wetland
(Figure 4.1, Appendix I). On the contrary, as pethout in section 3.3.2, DE LULC
has an ambiguous definition of Wetland, which irslhcmany non-conforming
matches when integrating MD LULC and DE LULC. Theéegration of MD and DE
LULC suggests that the majority of Wetland parcelsDE LULC are highly
vegetated as forestland, and therefore non-forestetiand parcels in MD are
difficult to find a right match in DE LULC. Similsy, when matching NJ LULC to
DE LULC, a substantial amount of forestland paraais matched to Wetland DE
LULC, while non-forested wetland parcels (e.qg. eliéint kinds of marsh lands) in NJ
are matched to water bodies, because there argnilarscategories for them in DE
LULC. Figure 4.4 shows the seasonal NDVI of a plaofeMixed Forest (More
Deciduous with High Crown Closure) in NJ, alonghmihe average seasonal NDVI
of Deciduous Forest and Wetland in DE. This parsehatched to Wetland DE by
algorithm, and its NDVI curve explains this result. further divided Wetland
category in DE LULC should help increasing the rhatg accuracy, but as it is
currently aggregated to be a level 1 categorymadimatches are considered level 0
non-conformance. On the other hand, ambiguouslyeggged as well, Wetland in
MD LULC happens to be more similar to the non-ftedssubcategories than forested

subcategories of Wetland in NJ LULC. In Figure 4tfe seasonal NDVI of a parcel
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of Deciduous Wooded Wetlands NJ is more similah®oNDVI of Evergreen Forest
than Wetland in MD. It is interesting to observethe figure that the NDVI curve of
Deciduous Wooded Wetlands has a dip on SeptembBiemtch is the sign of water

inundation.
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Figure 4.4 Seasonal NDVI curves of Mixed Forest (¢Beciduous with High
Crown Closure) NJ LULC, denoted as MixDeci50 NJd d»eciduous Forest and

Wetland of DE LULC.
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Figure 4.5 Seasonal NDVI curves of Deciduous Woodé&stlands, denoted as

DecWdWt, and Wetland and Evergreen Forest of MD CUL
Level 1 non-conforming matches

By definition, level 1 non-conforming matches areamg level 2 subcategories
under each one of the level 1 categories. Theyraree commonly caused by the
limitation of remote sensing in LULC mapping, anatiegipated when locating the
possible semantic heterogeneities in NJ LULC (sacki.3). For example, algorithm
matching Athletic Fields (Schools) NJ to RecreatloDE is disapproved by human
evaluators because Athletic Fields (Schools) NJadsays associated with schools,
but Recreational DE by definition must not. Indistparcels in NJ are matched by
algorithm to Commercial MD and Retail Sales/Wholefrofessional Services DE.
Beaches NJ and Inland Natural Sandy Areas DE ar&che@ by algorithm.
Identifying and correcting these mismatches is hdythe capability of Landsat or

remote sensing in general.
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But for some level 2 categories that are separabileg remote sensing, non-
conforming matches actually provided insight intmwhthe category is used in the
field. For example, in NJ LULC, Deciduous ForesigiiiCrown Closure) contains
deciduous stands with crown closures greater th@%,5and the majority of
deciduous forests in New Jersey should be in thtegory, said in the category
definition. Based on this definition, human evaiomat undoubtedly matches this
category to Deciduous Forest in MD and DE LULC. Koer, our algorithm matches
38.3% of its parcels to Brush MD, much higher tharb% to Deciduous Forest MD,
and for DE LULC, our algorithm matches 40.5% to &dand DE and 25.4% to
Wetland DE, while less than 10% (lower than prededi threshold) to Deciduous
Forest DE. High resolution remotely sensed imagdrgws that these Deciduous
Forest (High Crown Closure) parcels do not have ®@¥opy coverage as defined
(Appendix Il 28). Figure 4.6 shows the seasonal NDWVa Deciduous Forest (High
Crown Closure) parcel and explains why it is momailar to Brush rather than

Deciduous Forest of MD LULC.
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Figure 4.6 Seasonal NDVI curves of Deciduous Fqiidgth Crown Closure) of

NJ LULC, denoted as DeciF50 NJ, and Brush and ecid Forest of MD LULC

4.6 Conclusion on Generality

Remote sensing is a widely used data source of LWidpping because of
spectral signature: the difference in actual LULt&tss corresponds to different pixel
values in the remotely sensed images. Based ospthetral signature, we proposed
using remote sensing to compare LULC categoriestivéear actual LULC status
observed by remote sensing sensors. Thereforegeherality of remote-sensing-
based integration of LULC classification systemgpeatals on two factors: the
availability and applicability of remote sensingaland the comparability of LULC

categories.

Experimentally, as showed in Figure 4.3, the matcfoaind by the remote

sensing based method are much more conformingrt@mhwevaluations than those of
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feature-based method in previous work (Zhou and 2068) in all our experiments
involving MD LULC, DE LULC, and NJ LULC. This resutonfirmed the generality

of using remote sensing to integrate LULC clasatfans in neighboring regions.

However, if a method is data driven, it may be tediif data availability and
guality cannot be assured. Our method dependsmotety sensed data to provide a
consistent measurement on LULC status, which makesrequirement on data
generality two-fold. Firstly, the LULC classificatis in comparison must be in areas
covered by same/similar type of remotely sensed. ddtis is one of the reasons why
we use Landsat data: it has a global coverage.n8gcaemotely sensed data in use
must be consistent regarding to the relation betvi@ed cover and reflectance values,
which means if multiple scenes are involved, tHea$ of the atmosphere, sensor,
and sun on land surface reflectance must be cededtist recently (June 2001), the
Global Land Cover Facility (GLCF) at the Universif Maryland College Park has
launched the first global surface reflectance adtassed on the Landsat series of

satellites [ittp://landcover.org/data/gls SR/ These global reflectance data are

important data sources to enable the remote setsiagd algorithm to be applied
globally. In future, it will be very interesting tacorporate these data in our method

and use them to integrate LULC classifications ontinental and global scales.

To deal with these larger areas, the remote-seimisgd method has the
potential to serve as a translation between claasibn systems in distant areas. The
use of different languages poses an additional lpnobBut this linguistic barrier
could be considered as a special type of semamierdgeneity, which lexical

semantic methods (except machine translation)udeg our information retrieval
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method, may or may not be able to handle. Remotsirsg, however, in this case,

could provide valuable translation between diffélanguages in a LULC study.

However, it is very possible that LULC status, eitht a continental scale or for
distant areas around the globe (potentially inedéht languages), will not be
comparable due to multiple factors including envim@ntal factors such as climate
and hydrology, and topography and also due to meiffeland use practices resulting
in non-comparable land use types.. Consequentbethe)LC classifications could be
too heterogeneous to be integrated directly. Theeefapplying our remote sensing
method at such very broad scales would be diffitnlaccomplish. Instead, in the
future we may need to look for an expansion stsgtegch that more comparable
classifications from neighboring regions shouldfict compared and integrated: the
integration will then progressively incorporate maromparable classifications and

gradually grow to a continental scope.

For distant areas between which there are no obvgadations in land use
types (e.g. between the US and China and Brahé#, application of our remote
sensing method will be more challenging. In thése; the direct application of
remote sensing method can still disclose semasmtierbgeneities, mostly in form of
compounding conflicts, but achieving a highly rblea matching is likely to be
difficult. To attack this problem more experimentdl be needed, and this is one of

many reasons why the newly launched global surfeftectance data are essential.
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Chapter 5: Using Large Parcels to Reduce User Side-
conformance

5.1 Introduction

In chapter 3, we separated five main reasons lgatln non-conformance
between algorithm and human evaluation, and theylarconceptual ambiguity, 2)
LULC data quality, 3) LULC change, 4) limitation agEmote sensing, and 5)
procedure error. Among these five causes, conceatobiguity, LULC data quality,
and LULC change are controlled by the producershef LULC map, and the
limitation of remote sensing and the procedure reen® on the user side. The
limitation of remote sensing leads to non-conforgnmatches because of insufficient
discriminating power of Landsat or remote sensingeneral. The procedure error is

brought by the matching algorithm itself.

Producer side and user side non-conformance shmmilgeparated and treated
differently. Discovering producer side non-conformoa (mainly caused by semantic
heterogeneities in LULC classifications and defentd ULC maps) is one of the
purposes of remote sensing based matching algori®educing the impact of user

side non-conformance helps producer side non-cord@oce stand out.

On the user side, a main kind of procedure errgirates from the excessive
removal of pixels on parcel boundaries. If a paisebmall and/or in a long and
narrow shape, pixels to be removed on the boundampose a large proportion of
all pixels, and without pixels on boundary the phtthen becomes unidentifiable in

the matching algorithm because of lack of usabtelpi
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A solution to this problem is to refine the part®iel statistics to only consider
large parcels and employ the matching algorithnthis refined statistics. For large
parcels, the removal of pixels on boundary is naemihan eliminating potential
mixed pixels of different LULC types, and will bditethe accuracy. The other
important reason to use large parcels is becaeseatte much easier to be accurately
described by Landsat, which in turn will enhance discriminating power of Landsat

data and benefit the accuracy as well.

In this chapter we will implement the similarity asirement using statistics
calculated from large parcels in section 5.2, anddction 5.3 we will compare the
integration results with the integration we gothmapter 3 and 4. Then in section 5.4,
we will present a method to determine semanticticelabetween LULC categories

based on two way matching. The conclusion of thepter is given in section 5.5.

5.2 Methodology

In this research, we define large parcels to beé#reels that are large enough to
contain 50 or more Landsat ETM+ pixels. In impletation, we adopt the same
methodology as in chapter 3 but only include Igsgecels in calculating parcel level
statistics. Then from the representative and atelyraeparable parcels (section 3.2.8)
in the source LULC map, we select large parcelsaim a SVM classifier, which is
later employed to classify all large parcels in thget LULC map to obtain parcel
level matches. The similarity between LULC categeriis calculated via an
extensional approach — estimating similarity of cagpts by counting their parcel
level matches. Different from previous calculatiarchapter 3, this time only parcel

level matches between large parcels are considered.
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From the discussion above, we know using large gisran the matching
algorithm can successfully reduce the chance oteguore errors. Now the non-
conforming matches are more likely caused by predwside reasons, such as
conceptual ambiguities or the complicated relatetween labeled land use and its
actual land cover. Moreover, the spatial resolubbhandsat ETM+ images and its
derived textural data is sufficient for large padsc® be accurately captured, which
means the data representation of LULC categoridstaarefore the matching results
will now reflect the actual land cover status matesely, and this will have a
contribution in reducing the uncertainty betweemete sensing and actual land

cover status.

However, a better data representation of land calegs not simplify the
relationship between land cover and land use, wiscloccupied by conceptual
ambiguities, such as the multiple labeling. As Cembt al. (2005) pointed out,
LULC classification systems are “not determinedhmy reflectance properties of land
cover and their inferred relationship with biologlone; rather their specification
combines policy objectives at regional, national imternational levels with the
individual and institutional objectives of thoseached with creating the derived land
cover map to inform policy.” Comber et al. (200Ben concluded that political
processes have an influence on LULC classificasgatems as profound as do

technical aspects, but its influence has never desstosed to the data users.

We therefore should understand the goal of reduegsy side non-conformance
(via better data representation) is not to onlyi@ah a matching result that is more

conforming to human evaluations, but instead viplesizing the producer side non-
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conformance, we can also disclose the semanticdustreities happened between

LULC classification systems.

5.3 Comparison of Results

The algorithm matching results using large pareetsshown in Table 5.1 a (DE
LULC to MD LULC), b (MD LULC to DE LULC), ¢ (NJ LUIC to MD LULC) and
d (NJ LULC to DE LULC). In four tables, categoriase denoted by codes introduced
in Appendix I. The columns from left to right meah Source LULC categories, 2)
match(es) in target LULC by human evaluators, 3)f@onming matches (algorithm
and human match same), 4) non-conforming matcHgerigam and human match
different), 5) conforming matches using large pkrceand 6) non-conforming
matches using large parcels. The number in thengeses after each algorithm
result (in columns 3 to 6) is the similarity of thraatch, calculated as the ratio of the
number of parcels in this match to the number b€@hsidered parcels in the source

category.
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Table 5.1 Results of Matching Using Large Parcels

a
MATCHED MD LULC
EELC By By ALGORITHM USING LARGE PARCEL
HUMAN | conFORMING | NON- CONFORMING | NON-
CONFORMING CONFORMING
SinFam LowRes | LowRes(0.198) | Pasture(0.116) | MedRes(0.492)
MedRes | MedRes(0.183) | OpenUrb(0.101) | LowRes(0.232)
MultFam Mi‘éﬂRR%SS HighRes(0.484) | Comm(0.315) L”i‘éﬂﬁii‘(%ﬁ?%’) Comm(0.190)
LowRes(0.129)
MblHm | HighRes | HighRes(0.157) 883%(%(109%6) HighRes(0.1) lﬁﬂoe\gsgss((g..gzs)
MedRes(0.219)
Retalil Comm Comm(0.372) mggtﬁ(eosg)lé?g) Comm(0.464) Indstrl(0.5)
Indstrl Indstrl Indstrl(0.716) Comm(0.221) Ind€dr718) Comm(0.218)
LowRes
MedRes Inst(0.115)
. HighRes | ndstrl(0.177) MedRes(0.115)
MixUrb Comm 2351%1]('(2)?72) Indstrl(0.192)
Indstrl : Comm(0.5)
Inst
Pasture(0.187) Crop(0.434)
OthrUrb | OpenUrb Crop(0.119) Extr(0.130)
Indstrl(0.318) Comm(0.166)
Inst Inst Inst(0.161) Comm(0.258) Inst(0.166) Extr(0.2)
HighRes(0.120) Indstrl(0.333)
g‘jﬁg?ﬁ%g?%) Crop(0.159)
Recreat OpenUrh OpenUrb(0.115) AgrBIdg(b 163) OpenUrb(0.386) | LowRes(0.113)
Indstrl(0.119) Inst(0.113)
Crop Crop Crop(0.502) Egg?ﬁg(%)_'fgf)) Crop(0.862)
Crop(0.5)
Pasture Pasture Pasture(0.314) gr?lgl(do.%é41)69) Pasture(0.3) Indstrl(0.1)
grulag(®. FeedOp(0.1)
LowRes(0.111) LowRes(0.111)
OrchHrt Crop(0.222) GdnCrop(0.111)
Pasture(0.177) DeciF(0.222)
DeciF(0.177) Crop(0.555)
Cro Pasture(0.105)
OthrAgr A rlgld Crop(0.105) Indstrl(0.263) AgrBldg(1.0)
9 9 FeedOp(0.473)
Brush LowRes(0.231) EvrgrnF(0.145)
ShrbRng Pasture Brush(0.218) DeciF(0.258) Brush(0.467) DeciF(0.225)
DeciF(0.152) :
: Brush DeciF(0.5)
MixRng Brush(0.144) LowRes(0.289) | Brush(0.25)
Pasture MedRes(0.115) LowRes(0.25)
DecFrst | DeciF DeciF(0.608) Eé‘d\,sgé%(%of%g) DeciF(0.980)
EvrgrnF | EvrgrnF EvrgrnF(0.729) EvrgrnF(0.945)
Brush(0.142)
MixFrst | MxFrst | MxFrst(0.242) E\gngrEcF)(gélsc)ﬁ) MxFrst(0.551) | DeciF(0.332)
LowRes(0.103)
CirCut Brush Brush(0.147) FeedOp(0.107) Brush@)25 Crop(0.740)
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MATCHED MD LULC

DE B By ALGORITHM USING LARGE PARCEL
HLC T Oman CONFORMING | NON- CONFORMING | NON-
CONFORMING CONFORMING
Pasture(0.203)
Crop(0.350)
Rsrvr Water Water(0.789) Water(0.823) Wetlanti{@)
BayCove | Water Water(0.934) Water(1.0)
Brush(0.157) DeciF(0.309)
Wetland | Wetland | Wetland(0.123) | DeciF(0.317) Wetland(0.238) | EvrgrnF(0.103)
MxFrst(0.159) MxFrst(0.298)
Beach Beach Beach(0.714) Indstrl(0.285) Beach(1.0
Indstrl(0.6) Indstrl(0.4)
InldSnd Beach(0.28) Beach(0.6)
Beach(0.166)
Extr Extr ggﬁfﬂ%i%% Wetland(0.166)
) Indstrl(0.583)
GdnCrop(0.190)
Crop FeedOp(0.131)
Trans Crop(0.190) FeedOp(0.142)
Brush Indstrl(0.356) Indstrl(0.380)
b
MATCHED DE LULC
MD B By ALGORITHM USING LARGE PARCEL
WLC lman CONFORMING | NON- CONFORMING | NON-
CONFORMING CONFORMING
LowRes | SinFam SinFam(0.382) MixRng(0.150 SinFaB{3) MixRng(0.149)
MultFam | . : : MixUrb(0.100)
MedRes SinFam SinFam(0.374) MixRng(0.108) SinFam(0.496) MbIHM(0.158)
SinFam(0.25)
; MultFam | MbIHmM(0.120) : MultFam(0.25)
HighRes | vibiHm | MultFam(0.313) | SINFamM©-177) | vniim(0.2) 'Fg‘gf;ﬁ'(%’-llg)
Retalil MixUrb(0.157) MixUrb(0.104)
Comm | vixUrb | Retail(0.174) Retail(0.388) | 'ndstrl(0.179)
Inst(0.142)
Indstrl Indstrl Indstrl(0.276) Retail(0.160) Indg0.392) Retail(0.107)
Extr(0.178)
SinFam(0.134) SinFam(0.208)
Inst Inst MixUrb(0.111) | 'Mst(0:312) MixUrb(0.125)
Extr Extr Extr(0.215) SinFam(0.169) |  Extr(0.375) ?'rgﬁ?[?)(?zls?”
OpenUrb| Recreat Recreat(0.146) SinFam(0.213 Recreap.33 gﬁ]ségﬁgg'i;u)
Cro ;
Crop Oth?Agr Crop(0.414) $|nFam(0.131) Crop(0.682) |
Pasture Pasture Pasture(0.121) (S:Lr(l)lg%ni%.f)M) Pasture(0.18) (S:'rr(])';%nl(l%)ls)
Pasture(0.142)
Crop(0.133) '\E")'(’t‘}ggbl(g-zl)“z)
FeedOp Frmstd(0.126) Recreét(0.142)
Feedlot(0.297) Trans(0.285)
Crop(0.142)
Crop(0.162)
AgrBldg Frmstd(0.103) Feedlot(0.166)

Feedlot(0.159)

Pasture(0.416)
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MATCHED DE LULC

MD By ALGORITHM USING LARGE PARCEL
LLe | man CONFORMING | NON- CONFORMING | NON-
CONFORMING CONFORMING
Pasture(0.115)
Trans(0.129)
GdnCrop Pasture(0.129) Err%n?(()oé%%))
Crop(0.225) LY.
MixFrst(0.152) Wetland(0.116)
DeciF DecFrst DecFrst(0.204) | ShrbRng(0.162) | DecFrst(0.354) | MixFrst(0.230)
MixRng(0.179) ShrbRng(0.147)
ShrbRng(0.113 ;
EvrgmF | EvrgmF | EvrgrF(0.423) Mierrs?(g;()(.136)) EvrgmF(0.566) | MixFrst(0.215)
. . ShrbRng(0.165) . ShrbRng(0.139)
MxFrst MixFrst | MixFrst(0.305) MixRng(0.127) MixFrst(0.505) Wetland(0.101)
ShrbRng
MixRng ShrbRng(0.264)
Brush CIrCut ShrbRng(0.202) EvrgrnF(0.159) CIrCut(0.160) EvrgrnF(0.217)
Trans
Water Rsrvr Rsrvr(0.330) Rsrvr(0.156)
BayCove | BayCove(0.25) BayCove(0.75)
; MixRng(0.173
MixRng(0.228) E\I/)r(grrrll%((o 212))
Wetland | Wetland Watrway(0.112) :
Rsrvr(0.110) BayCove(0.177)
) SinFam(0.154)
Retail(0.2)
BayCove(0.2)
Beach Beach Beach(0.2) InldSnd(0.2) Beach(0.5) InldSnd(0.5)
Indstrl(0.2)
Cc
MATCHED MD LULC
NJ LULC By By ALGORITHM USING LARGE PARCEL
HUMAN NON- NON-
CONFORMING | conrFormiNG | CONFORMING | conForRMING
; ; ; Indstrl(0.116 ;
HighRes | HighRes| HighRes(0.511) gorilrrn((o.l%)) HighRes(0.838)
Comm(0.139)
MedRes MedRes| MedRes(0.317 HighRes(0.211) MedRes(0.845)
Brush(0.143) Brush(0.111)
LowRes LowRes LowRes(0.190) MedRes(0.270) LowRes(0.444) MedRes(0.444)
MedRes(0.157)
RurlRes LowRes LowRes(0.192) Brush(0.163) LowRes(1.0)
: HighRes(0.5)
Comm Comm Comm(0.361) mggtﬁ(eos(zoz'g?& Extr(0.25)
) Indstrl(0.25)
HighRes(0.118) :
Indstrl Indstrl Indstrl(0.577) Comm(0.211) Indstrl(0.5) HighRes(0.5)
Comm(0.193)
Road HighRes(0.387) Brush(0.5)
Wetland(0.129) Comm(0.5)
MedRes(0.193)
. HighRes(0.189)
Airport Indstrl(0.405) Indstrl(1.0)
MedRes(0.333)
UpldWa | Brush | Brush(0.310) Eg‘vsvtggi((%llg)) DeciF(0.333)
) LowRes(0.333)
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MATCHED MD LULC

By ALGORITHM

USING LARGE PARCEL

NJ LULC By
HUMAN | CONFORMING | NON- o\ 1\ o | CONFORMING | NORE o
HighRes(0.166) FeedOp(0.285)
OthrUrb OpenUrb Indstrl(0.133) LowRes(0.142)
Comm(0.207) Crop(0.571)
Cemet OpenUrb OpenUrb(0.103) Zéglrsélljéz((%%.%%)) Crop(1.0)
HighRes(0.109)
Recreat OpenUrh Comm(0.157) OpenUrb(0.363) K]S:gl)dl?zg)wl)
Indstrl(0.220) grelag(e.
Comm(0.123)
Athlet Inst Inst(0.107) Indstrl(0.256) Inst(0.333) gr?gl(g '3;83?333)
FeedOp(0.194) 9 9l
; HighRes(0.263)
Stadium Inst Indstrl(0.526) Indstrl(1.0)
Crop Pasture(0.221)

CrpPstr Easture Crop(0.169) FeedOp(0.124) Crop(0.577) I dlntd;;rlics);.;)zll)
: rop Crop(0.137) FeedOp(0.110) nastri.
Agriwet Pasture : ' Crop(0.437) FeedOp(0.125)

Wetland Pasture(0.210) | AgrBldg(0.146) AgrBldg(0.25)
AgrBldg(0.138)
FeedOp(0.112)
OrchHrt Indstrl(0.129) é%Bl((cj)g‘ggél)QO)
Crop(0.107) LY.
Pasture(0.113)
OthrAar ;efggp AgrBldg(0.124) | Pasture(0.142) | AgrBldg(0.5)
9 G%nCrgp FeedOp(0.105) | Indstrl(0.186) = | Crop(0.5)
. DeciF MedRes(0.102) | Brush(0.133)
DeciF10 Brush Brush(0.352) LowRes(0.121) | DeciF(0.266) MxFrst(0.6)
DeciF50 | DeciF | DeciF(0.175) Eg‘jfé‘é%-(%sf%‘l) DeciF(0.579) Brush(0.305)
ConiE10 EvrgrnF | EvrgrnF(0.340) EvrgrnF(0.428)
Brush Brush(0.392) Brush(0.571)
ConiF50 EvrgrnF | EvrgrnF(0.675) Brush(0.126) Enfg0.95)
Plant EvrgrnF | EvrgrnF(0.751) EvrgrnF(1.0)
MxFrst MxFrst(0.25)
MxCnF10 | EvrgrnF E\rﬁsmg(glg%) Brush(0.25)
Brush 9 ) EvrgrnF(0.5)
MxCon50 '\E"\i‘rzrrsntF EvrgrnF(0.468) | Brush(0.326) EvrgrnF(0.628)  Bi@sB18)
MxFrst MxFrst(0.222)
MxDec10 DeciF Brush(0.483) EvrgrnF(0.170) | DeciF(0.111) EvrgrnF(0.222)
Brush Brush(0.444)
e | wxFrs0108) | EORECET
OldFld Brush | Brush(0.129) gggt‘mgzblfgg) Brush(0.333) g"ﬁ%?g%%?w)
DecBrsh Brush Brush(0.254) Ibzvgﬁiz((eg(&%()%) Brush(0.8) DeciF(0.2)
ConBrsh Brush Brush(0.273) EvrgrnF(0.274 EVF§in0)
MxBrush Brush Brush(0.342) LowRes(0.157 Brushgs) EvrgrnF(0.176)
Rsrvr Water Water(0.594) Wetland(0.152 Water(@)9
: Water Water(0.728)
TdIRiv Wetland | Wetland(0.221) Water(0.954)
TdIBay Water Water(0.767) Wetland(0.125 Wate1.
Ocean Water Water(0.619) Wetland(0.142, Wate)(1.0
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MATCHED MD LULC

By ALGORITHM

USING LARGE PARCEL

NJ LULC By
HUMAN NON- NON-
CONFORMING | ~GNFORMING | CONFORMING | ~SNFORMING
SIMrsh Wetland | Wetland(0.638) Water(0.247) Wel@911)
SIMrshVv Wetland | Wetland(0.603) EvrgrnF(0.116 Vet (0.8) EvrgrnF(0.2)
FrMrsh Wetland | Wetland(0.595) Water(0.107) Well@no)
Beach(0.2)
VegDune Wetland | Wetland(0.204) ﬁ%gw(%)g}g%) Indstrl(0.6)
) Comm(0.2)
PhrgCwit Wetland | Wetland(0.677) Wetland(0.794) rgevF(0.117)
Wetland . Brush(0.283) . MxFrst(0.188)
DecWdWt | pocip | PeciF(0.149) | Eyrgmr(0.254) | PeCiF(0-246) | ErarnF(0.492)
Wetland
ConWdwt Ev?g?r?F EvrgrnF(0.831) EvrgrnF(0.833)
E F
Cedarwt | (nTHIH | EvrgrF(0.905) EvrgrnF(1.0)
Brush Brush(0.25)
DecBrWwit Wetland | Wetland(0.219) EvrgrnF(0.225) Brush(0.333) EvrgrnF(0.666
Brush Wetland(0.114)
ConBrwit Wetland | Brush(0.179) EvrgrnF(0.507) EvrgrnF(1.0)
EvrgrnF
MxBrWtC | MxFrst \é\(/ertlang(g.gézl) Brush(0.236) MxFrst(0.666) Brush(0.333)
Wetland grmF(0.382)
HrbWINT Brush Wetland(0.340) Wetland(0.4) Extr(0.2)
Wetland | Brush(0.151) Brush(0.2) DeciF(0.2)
Brush(0.148 Brush(0.333
PhrgWet Wetland | Wetland(0.462) Evl:grn(F(O.l:l).S) DeuciFEO.GBGg
DeciF
EvrgrnF(0.519) EvrgrnF(0.586)
MxFrwtD | MxFrst MxFrst(0.172
X ISt Brush(0.249) xFrst(0.172) | Brish(0.206)
EvrgrnF
MxFrwtC MxFrst EvrgrnF(0.701) Brush(0.149) EvrgrnF(0.830
Wetland
: Water(0.125)
Beach Beach Beach(0.305) mggtﬁ?(?(zoéé?@ Beach(0.5) Indstrl(0.25)
' Extr(0.125)
Beach(0.142) Beach(0.7)
Extr Extr Indstrl(0.630) Indstrl(0.3)
Indstrl(0.5)
AltLnd Indstrl(0.278) FeedOp(0.166)
Comm(0.245) Crop(0.166)
GdnCrop(0.166)
AltLnd1
AltLnd2
DstrbWt Wetland | Wetland(0.292) g‘rﬂsstn((g %](_)g)) Wetland(1.0)
d
MATCHED DE LULC
NJ LULC By By ALGORITHM USING LARGE PARCEL
HUMAN NON- NON-
CONFORMING | ~cANEORMING | CONFORMING | ~SNEORMING
. MultFam | MultFam(0.433) MultFam(0.354)
HighRes MbIHmM MbIHM(0.140) Indstrl(0.125) MbIHM(0.387) Indstrl(0.193)
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MATCHED DE LULC

By ALGORITHM

USING LARGE PARCEL

NJ LULC By
HUMAN NON- NON-
CONFORMING CONFORMING CONFORMING CONFORMING
SinFam | SinFam(0.227) | MultFam(0.183) | SinFam(0.714)
MedRes | ybiHm | MbIHM(0.150) | MixRng(0.128) | MblHm(0.142) | MultFam(0.130)
LowRes SinFam SinFam(0.202) MixRng(0.228 SinFaf)(
RurlRes SinFam SinFam(0.152) MixRng(0.189 Sinfaf)
Comm Retail | Retail(0.159) | MultFam(0.328) | po5i0.5) Indstrl(0.5)
) Indstrl(0.107) ) )
Warehs(0.134)
Indstrl Indstrl Indstrl(0.316) Retail(0.131) Indstrl(1.0)
Road SinFam(0.150) MixUrb(0.5)
MultFam(0.473) EvrgrnF(0.5)
MultFam(0.175)
Airport Feedlot(0.108) Indstrl(1.0)
Indstrl(0.202)
ShrbRng | MixRng(0.165) :
Upldwa MixRng | ShrbRng(0.317) SinFam(1.0)
OthrAgr(0.142)
SinFam(0.285
OthrUrb | OthrUrb MultFam(0.138)| OthrUrb(0.142) C'erut(é_Mz))
Crop(0.285)
Frmstd(0.117)
Cemet OthrUrb | OthrUrb(0.124) SinFam(0.137) Crop(1.0)
Recreat Recreat Recreat(0.103) Recreat(0.5) aBi(=227)
Feedlot(0.164) Crop(0.333)
Athlet Inst Recreat(0.107) | '"st(0-333) SinFam(0.333)
Indstrl(0.263)
Stadium Inst InldSnd(0.105) | Inst(1.0)
MultFam(0.157)
Crop Pasture(0.104)
CrpPstr Pasture | Crop(0.156) Crop(0.656) Trans(0.171)
Crop
. Crop(0.191)
AgriwWet \Ij’vaestTg:% Pasture(0.110) Crop(0.812) Trans(0.125)
Crop(0.107) Crop(0.476)
OrchHrt OrchHrt Trans(0.113) Trans(0.253)
OrchHrt Feedlot(0.122)
OthrAgr OthrAgr Frmstd(0.134) OthrAgr(0.5) Trans(0.5)
DecFrst
; ShrbRng(0.196) Wetland(0.533)
DeciF10 I\S/I?;II%ESQ MixRng(0.192) Wetland(0.198) ShrbRng(0.133) MixFrst(0.266)
Wetland(0.254) ;
DeciF50 DecFrst MixRng(0.189) | DecFrst(0.194) %'éﬁéﬁtcﬁ?olggg)
ShrbRng(0.216) )
EvrgrnF
: EvrgrnF(0.361) ShrbRng(0.285)
ConiF10 I\S/IT;tF)iﬁgg ShrbRng(0.152) Wetland(0.189) Evrgri{(0.428) Wetland(0.285)
ConiF50 EvrgrnF | EvrgrnF(0.685) EvrgrnF(0.98)
OrchHrt
Plant E\‘;‘r:gmrF EvrgrnF(0.758) EvrgrnF(1.0)
MIXETSL | ShrbRng(0.161)
MxCnF10 9 EvrgrnF(0.233) | Wetland(0.283) EvrgrnF(0.25) Wetland(0.75)
ShrbRNg |\ Bng(0.123)
MixRng 9(®.
MixFrst ShrbRng(0.109)
MxCon50 EvrgmF EvrgrnF(0.387) Wetland(0.286) EvrgrnF(0.787) Wetland(0.150)
MxDec10 MixFrst | ShrbRng(0.183) | Wetland(0.358) | ShrbRng(0.222) | Wetland(0.555)
DecFrst | MixRng(0.130) | EvrgrnF(0.117) | MixFrst(0.111) EvrgrnF(0.111)
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MATCHED DE LULC

By ALGORITHM

USING LARGE PARCEL

NJ LULC By
HUMAN NON- NON-
CONFORMING | ~GNFORMING | CONFORMING | ~SNFORMING
ShrbRng
MixRng
EvrgrnF(0.132)
MixFrst ShrbRng(0.166) Wetland(0.633)
MxDec50 EvrgrnF(0.100)
DecFrst Wetland(0.432) ShrbRng(0.230)
MixRng(0.103) 9tv.
MixRng | MixRng(0.104)
OldFId ClrCut ClrCut(0.113) CIrCut(0.333) Crop(0.666)
ShrbRng | MixRng(0.195)
DecBrsh MixRng_ | ShrbRng(0.231) Wetland(0.114) ShrbRng(0.2) Wetland(0.8)
ShrbRng | ShrbRng(0.141)
ConBrsh MixRng | MixRng(0.130) EvrgrnF(0.307) EvrgrnF(1.0)
ShrbRng | ShrbRng(0.243) EvrgrnF(0.176)
MxBrush MixRng | MixRng(0.180) Wetland(0.157) ShrbRng(0.117) Wetland(0.588)
Rsrvr Rsrvr Rsrvr(0.316) BayCove(0.205) BayCove(1.0)
Watrway(0.155)
TdIRiv BayCove | g, cove(0.533) | RSVI(0.133) 1 Bavcove(0.863) | Rsrvr(0.121)
Wetland y ) Watrway(0.236) y ) )
TdIBay BayCove | BayCove(0.678) | Watrway(0.178) | BayCove(1.0)
Ocean BayCove BayCove(0.761) | Indstrl(0.142) BayCove(1.0)
EvrgrnF(0.139)
SIMrsh Wetland Watrway(0.146) E;r%g\'jg()gf%)
BayCove(0.538) y :
EvrgrnF(0.185)
SIMrshV Wetland Watrway(0.190) '\Eﬂ\ﬁlﬂrr?é?ozg)
MixRng(0.159) 9 :
Watrway(0.227) SinFam(0.285)
FrMrsh Wetland MixRng(0.161) EvrgrnF(0.571)
BayCove(0.105) MixRng(0.142)
Wetland Indstrl(0.132) MixUrb(0.2)
Vegbune | nigsng | 'MdSnd(0.277) | \iiitFam(0.144) | INdSNd(0.4) Indstrl(0.4)
Watrway(0.219) SinFam(0.117)
PhrgCwit Wetland EvrgrnF(0.189) ShrbRng(0.205)
MixRng(0.193) EvrgrnF(0.5)
Wetland MixRng(0.141)
DecWdwt DecFrst Wetland(0.426) Evrgrmi(0.119) Wetland(0.768) EvrgrnF(0.173)
Wetland | EvrgrnF(0.783) Wetland(0.119)
ConWdwi EvrgrnF | Wetland(0.103) EvrgrnF(0.880)
E F
Cedarwt | (nTHIH | EvrgrF(0.893) EvrgrnF(1.0)
ShrbRng | Wetland(0.215)
DecBrWwit Wetland | ShrbRng(0.105) | EvrgrnF(0.215) Wetland(0.333) EvrgrnF(0.666
MixRng | MixRng(0.171)
ShrbRng
ConBrwit Wetland EvrgrnF(0.534) Wetland(0.4) EvrgrnF(0.6)
MixRng
ShrbRng
MxBrWHC Wetland \Ié\ﬁg?r?lg((gg?g)) Wetland(0.333)
EvrgrnF : : EvrgrnF(0.666)
MixRng MixRng(0.176)
BayCove(0.2)
ShrbRng(0.105) SinFam(0.2)
HroWINT Wetland EvrgrnF(0.128) EvrgrnF(0.2)
MixRng(0.145) OrchHrt(0.2)
OthrUrb(0.2)
PhrgWet Wetland Watrway(0.135) Wetland(0.333) ShrbRng(0.666)

EvrgrnF(0.192)
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MATCHED DE LULC

By ALGORITHM

USING LARGE PARCEL

NJ LULC By
HUMAN | CONFORMING | NON- o\ 1\ o | CONFORMING | NORE o
ShrbRng(0.130)
MixRng(0.205)
Wetland ;
MxFrwtD DecFrst | Wetland(0.469) EvrgrnF(0.301) \'\,Av'éggf,ﬁ?olg%) EvrgrnF(0.206)
MixFrst )
Wetland
Wetland(0.305) EvrgrnF(0.615)
MxFrWiC ,\EAY;I%'&F EvrgrnF(0.539) Wetland(0.369)
Watrway(0.126) OthrAgr(0.125)
Beach Beach Beach(0.149) gg;gg\?é%gi)m) Beach(0.125) g];?/%r:)?/(eo(g)lﬁ)
InldSnd(0.208) Indstrl(0.125)
Indstrl(0.153 Beach(0.3
Extr Extr Extr(0.275) InIdSn(d(O.17)8) Extr(0.1) InIdSngI(O%S)
Indstrl(0.333)
MixUrb(0.166)
AltLnd MbIHmM(0.166)
Inst(0.166)
Crop(0.166)
AltLnd1
AltLnd2
DstrbWt Wetland EvrgrnF(0.147) SinFam(1.0)
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Table 5.2 Conformance Rate and Precision Comparison

All Parcels Large Parcels

Conformance| Precision | F ConformancePrecision | F
DEtoMD | 0.84 0.35 0.49| 0.76 0.42 0.54
MD to DE | 0.82 0.34 0.48| 0.77 0.31 0.44
NJ to MD 0.78 0.38 0.51| 0.56 0.46 0.50
NJ to DE 0.70 0.42 0.53] 0.56 0.42 0.48

The comparison of the conformance rate and pretibetween experiments
using large parcels only and all parcels is givefable 5.2. Using large parcels, the
matching algorithm has a decreased conformancéutaen increased precision (at a
threshold of 0.1) for all categories in all fourpeximents. However, in each MD
LULC, DE LULC, and NJ LULC dataset there are seveategories that do not have
any parcels containing 50 or more Landsat ETM+Ipidested in Table 5.3). In other
word, these categories contain no parcels qualibquhrticipate the matching process,
and will be considered “null”. For these “null” egories, the extensional matching
algorithm could never find a match for them, andsth “no matches” will have a
negative influence on the conformance rate. A miaie comparison between
matching results using all parcels or large paroaly should therefore only include
those “non-null” categories (Table 5.4). In thismneomparison, using large parcels
increased conformance rate in three of four expamis) and the precisions either
increase as well or basically remain intact. F meawvalues, as trade-off between
conformance rate and precision, have increasedllifoar experiments. It is
inevitable that the matching result is incompleteew categories that have no large
representative parcels are excluded, but as maalil parcels are in urban areas, all

major forest and wetland categories, which are pgfcgl interest in environment
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analysis and resource management, contain qualdrgé parcels and were included
in the matching process.

Table 5.3 Categories Containing No Large Parcels

MD Orchards/vineyards/horticulture
LULC Bare ground
DE Vehicle Related Activities

LULC Junk/Salvage Yards

Warehouses and Temporary Storage

Other Commercial

Utilities

Idle Fields

Confined Feeding Operations/Feedlots/Holding
Farmsteads and Farm Related Buildings
Herbaceous Rangeland
Waterways/Streams/Canals

Natural Lakes and Ponds

NJ LULC | Mixed Residential

Military Installations

Transportation/Communication/Utilities

Bridge Over Water(WATER)

Wetland Rights-of-Way(WETLANDS)

Upland Rights-of-Way, Developed

Stormwater Basin

Industrial and Commercial Complexes

Mixed Urban or Built-up Land

Cemetery on Wetland(WETLANDS)

Phragmites Dominate Urban Area

Managed Wetland in Maintained Lawn Green space(I\MRNIDS)
Managed Wetland in Built-up Maintained Rec Area(WLENDS)
Former Agricultural Wetlands (Becoming Shrubby nduilt-
up)(WETLANDS)

Confined Feeding Operations

Phragmites Dominate Old Field

Severe Burned Upland Vegetation

Streams and Canals

Natural Lakes

Dredged Lagoon

Mixed Scrub/Shrub Wetlands (Deciduous Dom.)

Severe Burned Wetlands

Bare Exposed Rock, Rockslides, etc.

Transitional Areas (sites under construction)

Undifferentiated Barren Lands
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Table 5.4 Conformance Rate and Precision Compa(ison-null Categories)

All Parcels Large Parcels

Conformance| Precision | F ConformancePrecision | F
DE to MD | 0.88 0.33 0.48| 0.92 0.46 0.61
MD to DE | 0.88 0.41 0.56| 0.94 0.40 0.56
NJto MD | 0.88 0.43 0.57| 0.80 0.47 0.59
NJ to DE 0.71 0.42 0.52| 0.77 0.42 0.54

5.4 Interpreting the Results — Determining SemarRielation between LULC

Categories

Our experiment results confirmed that using largecels in the algorithm can
reduce the user side causes of non-conformancdeamd causes lead to less variety
in non-conforming matches. For example, Cropland BEone of the main
agricultural categories. It has 1996 parcels, atid |érge parcels contain 50 or more
pixels. Using all parcels in the matching algoritls58.2% Cropland parcels in DE are
matched to Cropland MD, 12.1% to Feeding Operakitih, and 15.1% to Pasture
MD. But when using only large parcels, the matchnegult converges: 86.2%
Cropland parcels in DE are matched to Cropland MMbile no non-conforming

matches are reaching a threshold of 0.1.

This convergence in matching candidates makes veafegory integration clear.
The analysis to extract semantic relations betwddhC categories, based on the
inclusion and intersection of sets of matching plr¢Figure 3.6 and 3.7), can now
be generalized to all forest and wetland categoRes example, in the discussion in
section 3.3.5, we concluded that Evergreen Ford&stiDsubsumed by Evergreen
Forest MD. Now using large parcels in the matchaigorithm, the subsuming

semantic relation between Deciduous Forest categan DE and MD became clear
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as well. Deciduous Forest MD as a concept andegyoay is broader than Deciduous
Forest DE, because of the variety in its land cetatus (partially similar to Mixed
Forest DE, and Shrub/Brush Rangeland DE). MD LUIb@ BE LULC have similar
concepts of Mixed Forest, but Mixed Forest DE mightmore vegetated than Mixed
Forest MD, because some of the Mixed Forest pancdD matched to Shrub/Brush
Rangeland DE. As for the rangeland categories,BMB is similar to Shrub/Brush
Rangeland more than Mixed Rangeland in DE LULC. $émantic heterogeneity of
Wetland between MD LULC and DE LULC is already dissed in chapter 4, and an
analysis based on similarities in Table 5.1 leads similar conclusion: Wetland DE

contains much more vegetated parcels than WetlaDdides.

In NJ LULC, forest parcels are divided accordinghe combination of crown
closure and dominant species into nine categonibgsh are Deciduous Forest (Low
Crown Closure), Deciduous Forest (High Crown Cle¥uConiferous Forest (Low
Crown Closure), Coniferous Forest (High Crown Cte3uPlantation, Mixed Forest
(More Coniferous with Low Crown Closure), Mixed Est (More Coniferous with
High Crown Closure), Mixed Forest (More DeciduoughwLow Crown Closure),
and Mixed Forest (More Deciduous with High Crowro$lire). In Table 5.1, we can
see some parcels in the low crown closure fordsgoaies are matched to Brush MD
and Shrub/Brush Rangeland DE. But in general, thiesieming relations stand
between subcategories with high and low crown clsund their parent categories’
(Deciduous and Coniferous Forest) counterparts h IMILC, except Mixed Forest
(More Deciduous with Low Crown Closure) and Mixearést (More Deciduous with

High Crown Closure), which appear more like brustmer than forest in MD. On the
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other hand, forest LULC matching between NJ LUL@ && LULC is complicated

by Wetland DE. As found in chapter 3, many Wetlaadcels in DE are substantially
forested and cannot be separated from forestlagd®rnote sensing. As a result,
Wetland DE attracted many non-conforming matchesfforestland categories in

NJ.

The subsuming semantic relation also stands betBeash MD and NJ brush
subcategories, except that most Coniferous Brusblfsind NJ parcels seem more
similar to Evergreen Forest in both MD and DE. Adope, Wetland DE biased the
matching result of several brush categories (i.eciluous Brush/Shrubland and

Mixed Deciduous/Coniferous Brush/Shrubland) fromlUNILC to DE LULC.

Judging from the matches of NJ wetland subcategiovie can determine that
Coastal Wetland of NJ LULC (this concept is defimedlassification but not used in
map) is approximately equivalent to Wetland MDjtasubsumed subcategories, i.e.
Saline Marshes (Low marsh vegetation), Saline MassfiHigh marsh vegetation),
Freshwater Tidal Marshes, and Phragmites Dominai@stal Wetlands, all display
very high similarities to Wetland MD. The only ept®n is Vegetated Dune
Communities, which has a special sandy cover. AgHe Interior Wetland of NJ
LULC (also defined in classification but not used map) and its subcategories
(Deciduous Wooded Wetlands, Coniferous Wooded Weda et al.), Evergreen
Forest and Brush MD are more similar to them irmterof their common high
vegetation coverage. When matching NJ LULC to DELCU however, Interior
Wetland subcategories are naturally matched to aNétDE, while Coastal Wetland

categories are difficult to find an appropriate amatin the result, Evergreen Forest,
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instead of Wetland, is selected as the match fast @oastal Wetland parcels in NJ.
However, it is worth noticing that this matchingedonot necessarily indicate an
actual similarity in land cover status between Cala®/etland NJ and Evergreen
Forest DE, but more a result of the mechanism d¥iIS\assifier, which on the parcel
level constrainedly match a parcel to one and @mg LULC category. For many
Coastal Wetland parcels in NJ, Evergreen ForestiDmerely a reluctant choice,
because SVM classifier constrainedly match paroehtcategory and Evergreen

Forest DE is the least different.

5.5 Conclusions

In this chapter, in order to reduce user side rmmfarmance caused by
limitation of remote sensing and procedure errams,refine the input data of the
integration method to only include parcels thatlarge enough to contain 50 or more
Landsat ETM+ pixels.

Although several urban LULC categories are disdjealifrom matching process
because they do not have enough large parcelsmajbr forest and wetland
categories, which are of special interest in emrrent analysis and resource
management, contain qualified large parcels andireim the matching process. For
most of the classification systems, using largeglarincreased the conformance rate
and/or precision. The largestimprovement in conforoe rate (6%) happens in the
experiments of matching NJ LULC to DE LULC, and tlaegestimproviment in
precision (12.5%) happens when matching DE LULC M LULC. This
performance improvement attributes to reducing usde non-conformance, and

consequently the semantic heterogeneity is fueikposed.
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As we can see in original matching results, theas#io relation between LULC
categories is complicated by semantic heterogeseitn original matching results,
rather than simple subsuming, related LULC categaiend to overlap and intertwine
together because of user side non-conformance,tldaadmakes a straightforward
hierarchical semantic integration difficult to eadt. By using only large parcels, we
effectively refined parcel level statistics and madmore reliable data representation
of LULC categories, based on which the extractiboralerlining semantic relations
is achieved. Although semantic relations cannobbit between every two urban
categories because of lack of large parcels inrudraas, the semantic integration of
major forest and wetland categories were achievVéus integration is of great
importance in the study of LULC, because it enabllks indispensible data
interoperability that supports the regional envimemt analysis and resource

management.
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Chapter 6: Integrating Lexical Semantic and Rentdasing
Results

6.1 Necessity of Integrating Results

In chapter 1, we introduced the view of ontologgttit is built on universals
(Smith 2004), and pointed out LULC categories arwersals. A LULC category, on
one hand implies semantics as a real world conoephe other hand is populated by
individual parcels of its kind, which are directiyjonitored by modern earth
observing technologies, such as remote sensingcd;leme adapt figure 1.3 to the
integration of LULC classifications as figure 6id which an intensional method uses
descriptions of LULC categories and an extensiomathod uses the remote sensing
information attached to parcels. These two metlawedsmplemented in chapter 2 and

chapter 3 respectively.

Parcels Parcels
of A of B
OWwation Obseng
Category A RS /IQJ\ RS Category B

Semgntics S(yg‘ntics
Description 1 <:——1_:> Description 2

Figure 6.1 Semantic integration approaches in LU@laSsifications: intensional

approach (1) and extensional approach (2)

Textual description and remote sensing are tw@fft angles to understanding

a LULC category, and as discussed in chapter 23amdethods using either one of
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the two data sources are capable of matching LUBSsdications at a satisfactory
accuracy. But from the matching results, we fouitidee method has limitations that
can be compensated by the other. Specifically, cxisemantic method has
difficulties with semantic heterogeneities, incluglii naming conflicts and

confounding conflicts, where remote sensing canesas an independent source to

discriminate.

On the other hand, having an independent souraklsasimportant to the remote
sensing approach. Remote sensing observes grouth@daer, which is the surrogate
of actual land use. Uncertainty in this surrogaesds to the limitation of remote
sensing based integration. Differentiating some Clidategories (e.g. Farmstead and
Feeding Lot) is beyond the capability of remotessag, while the most naive natural
language processing (e.g. string comparison) tecdeniis adequate to tell the

difference and match them correctly.

Recognizing the necessity of combining the two rimfation sources, in this
chapter, we will discuss different approaches tegrate the two information sources

to improving the matching of LULC classificationssgms.

6.2 A Simple But Effective Approach — Weighted Sum

As explained in section 2.1.1, semantic integratams to determine the
relations between concepts, and this is based @miéasurement of their semantic
similarities (Euzenat and Shvaiko 2007). The iraign methods introduced in

chapter 2 and 3, although using different datasuand methodology, have their
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outputs in the same form of similarity values. Henategration of the two methods

can be achieved by employing compound similarity.

Compound similarity is concerned with the aggremyatf different similarities
(Euzenat and Shvaiko 2007). In chapter 5 of thiskbdEuzenat and Shvaiko
summarized several different strategies to aggeedatsimilarities or distances. It is
worth noticing these strategies can also be usedygoegate similarities. One of the
most common families of distances is the Minkowsdistance (Kruskal 1964).
Comparing to other distances, Minkowski distancewvil suited to independent
dimensions and tend to balance the values betwiesndions (Euzenat and Shvaiko

2007). The definition of Minkowski distance is afldws

" x,x8 o0, Minkowsk{x, x4 = p| ’ a(x,x9°’ ,
i=1

in which o is a set of objects which can be analyzed timensions, and(x;,%’) is
the distance between two objects along the dimansidMinkowski distance is a
generalization of the widely used Euclidean distahenp=2) and Manhattan
distance (whep=1).

In some circumstances, several dimensions are imguertant than others. Their
importance can be reflected in higher weights assigo corresponding dimensions.
By assigning weights to each dimension in Manhatiatance, we get weighted sum,

defined as follows

" x,xd o,weighted_sun(x,x9 = ) W d(x,x9,

i=1
in which (x,x") is the distance between two objects along thesdgioni, andw; is

the weight of that dimension.
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6.2.1 Aggregated Matching Results

As an instance of the Minkowski distances, it iparant to reiterate that the
weighted sum is applicable only when 1) the objéctbe aggregated are in exactly

the same unit and 2) the dimensions are independent

In this research, we want to aggregate similariplugs between LULC
categories measured by two different methods. The®e methods use different
information sources (lexical semantics and remaasing), and therefore their
resultant similarity values are independent. Thguirement on independence is
hereby fulfilled. As for the first requirement, slarity values are unitless, but to
ensure the comparability, the similarity from ledicemantics is normalized using
the same strategy as in the remote sensing appribeckimilarity values of matching
one source category to different target categ@iesnormalized, so that they sum up

to 1.

Under this normalization strategy in remote sensipgroach, the similarity of
comparing A to B is not necessarily equal to tmeilairity of comparing B to A. This
non-commutativity may seem paradoxical at firshsidput it reflects the complexity
in real world LULC classifications. Previous anasym section 3.3.5 shows that non-
commutative similarity values between two LULC gpiges are the result of the
difference in categories’ conceptual scopes orl¢ewe semantic hierarchy. For
example, when matching DE LULC to MD LULC, a majgrof Evergreen Forest
parcels in DE matched to Evergreen Forest MD, buerwmatching MD LULC to
DE LULC, only half of the Evergreen Forest paraceldMD matched to Evergreen

Forest DE, while the rest matched to Shrub Rangel@B or Mixed Forest DE.
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Accordingly, the similarity value of comparing Egeeen Forest DE to Evergreen
Forest MD, which is decided by the ratio of pardelghis match to all parcels for
category Evergreen Forest DE, is 0.73, and thelagiityi is 0.42 when comparing
Evergreen Forest MD to Evergreen Forest DE. Compirthese two pieces of
information, we can make estimation that Evergréemest DE is subsumed by
Evergreen Forest MD. Actually, only based on nomguwtative similarity

calculations, we can discover the hierarchical seimaelationship between LULC

categories.

As introduced in chapter 2, there are several dlgarvariations of the lexical
approach. We selected the method using Latent SemAnalysis with keyword
enhanced (KE-LSA), because it has a consistent goedormance in all 4
experiments. Actually, our experiments showed theiae of algorithm does not
impact the results very much (less than 5%), bexallariations of lexical methods
generate highly similar results, but greatly diéier from the results of remote sensing

based methods.

Initially, we assign a same weight of 0.5 to thmikirities calculated using
lexical semantics (hereafter noted@i#/ser) and remote sensing (hereafter noted as
SIMg9. The matching result is presented in Table 6(D& LULC to MD LULC), b
(MD LULC to DE LULC), ¢ (NJ LULC to MD LULC) and dNJ LULC to DE
LULC). In four tables, categories are denoted byesointroduced in Appendix I. The
columns from left to right mean 1) Source LULC cpmtees, 2) match(es) in target
LULC by human evaluators, 3) conforming matchegqathm and human match

same), and 4) non-conforming matches (algorithm famdan match different). The
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number in the parentheses after each algorithmtrésucolumns 3 and 4) is the
similarity of that match, calculated from weightedm of SIMgs and SIMsem AS
before, matches with a compound similarity lessntital are considered less

important and discarded from the table.
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Table 6.1 Matching Results Using Weighted Sum

)

a

MATCHED MD LULC
DE LULC by ALGORITHM

by HUMAN

CONFORMING | NON-CONFORMING
: LowRes LowRes(0.330)

SinFam MedRes MedRes(0.281)

MedRes MedRes(0.181)
MultFam HighRes HighRes(0.278) Comm(0.165) LowRes(0.280)

: : OpenUrb(0.131) Indstrl(0.163

MbIHmM HighRes HighRes(0.321) MedRes(0.109)
Retail Comm Comm(0.671) Indstrl(0.206)

Indstrl Comm(0.134)
Velact Comm Indstrl(0.347) Extr(0.372)

Indstrl Indstrl(0.330)
JunkYrd Comm Comm(0.267) MedRes(0.125)

Indstrl Comm(0.173)
Warehs Comm Indstrl(0.541) Inst(0.124)
OthrCom Comm Comm(0.419) ﬁ%ﬁlﬂ%«isl?o)z) OrchHrt(0.110
Indstrl Indstrl Indstrl(0.821) Comm(0.136)
Utility I%gg?rlurb Indstrl(0.222) Pasture(0.122) Comm(0.129)

All Urban

: Inst(0.141)

MixUrb ?)lfotenUrb Comm(0.194) MxFrst(0.139) OpenUrb(0.173)
OthrUrb (%L(Berr?grb OpenUrb(0.262) | Inst(0.147) AgrBIldg(0.186)
Inst Inst Inst(0.528) Indstrl(0.162) Comm(0.129)
Recreat OpenUrb Comm(0.128) AgrBldg(0.128
Crop Crop Crop(0.713)
Pasture Pasture Pasture(0.584) Crop(0.157)

OpenUrb LowRes(0.104) Crop(0.112
IdleFld Brush Brush(0.400) Pasture(0.160)
OrchHrt OrchHrt OrchHrt(0.482) Crop(0.111)
Feedlot FeedOp FeedOp(0.625) Indstrl(0.190)
Frmstd AgrBldg AgrBIldg(0.473) Inst(0.100)

Crop Indstrl(0.131) FeedOp(0.234
OthrAgr | AgrBldg Brush(0.445)
HerbRng E?j’éﬂre Pasture(0.140)
ShrbRng E;”Siﬂre Brush(0.477) LowRes(0.115) DeciF(0.129)
MixRng Eg‘sstﬂre LowRes(0.144) MxFrst(0.436)
DecFrst DeciF DeciF(0.507) MxFrst(0.211)
EvrgrnF EvrgrnF EvrgrnF(0.540) MxFrst(0.237) DdOiA14)
MixFrst MxFrst MxFrst(0.406) EvrgrnF(0.147) DediF250)
ClrCut E:Ssrﬂd Brush(0.506) Pasture(0.101) Crop(0.197)
Watrway Water Water(0.795)
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MATCHED MD LULC

OJ

DE LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
NtriLk Water Water(0.466) EvrgrnF(0.166) AgrBIdg(@?2)
Rsrvr Water Water(0.809)
BayCove Water Water(0.888)
Wetland Wetland Wetland(0.546) DeciF(0.162)
Beach Beach Beach(0.694) Water(0.142) Indstrld@).14
InldSnd BrGrnd gg%%%o(olgg)s) Indstrl(0.3
Indstrl(0.365) Water(0.154
Extr Extr Crop(0.120)
Trans Crop Brush FeedOp(0.121) GdnCrop(0.11
BrGrnd OpenUrb(0.102) Indstrl(0.187)
b
MATCHED DE LULC
MD LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
LowRes SinFam SinFam(0.398) MultFam(0.188)
MultFam SinFam(0.432)
MedRes | ginpam MultFam(0.189)
: MultFam MbIHmM(0.312) :
HighRes MbIHmM MultFam(0.230) SinFam(0.234)
Retail
OthrCom(0.136)
Comm OthrCom ;
MixUrb Retail(0.234)
Indstrl Warehs(0.165)
Indstrl JunkYrd JunkYrd(0.122)
Warehs Indstrl(0.302)
Inst Inst Inst(0.287) MixUrb(0.109)
Extr Extr Extr(0.107) VclAct(0.304) Feedlot(0.134)
OpenUrb Recreat (S)Itﬁsrr%((%lzg?) MixUrh(0.235
Crop
Crop OthrAgr Crop(0.418) TruckCrp(0.178)
Pasture Pasture Pasture(0.538)
OrchHrt OrchHrt OrchHrt(0.383)
FeedOp Feedlot Feedlot(0.610)
AgrBldg Frmstd Frmstd(0.251)
GdnCrop TruckCrp TruckCrp(0.434) Crop(0.112)
DeciF DecFrst DecFrst(0.312) MixFrst(0.182) Evigh150)
EvrgrnF EvrgrnF EvrgrnF(0.421) MixFrst(0.165)
. : MixRng(0.150) DecFrst(0.120)
MxFrst MixFrst MixFrst(0.285) Evrgri(0.149)
ShrbRng
HerbRng ClrCut(0.209)
Brush MixRng IdleFId(0.102)
IdleFId ShrbRng(0.193)
ClrCut
Water Watrway Watrway(0.125)

Rsrvr NtriLk

Rsrvr(0.283)
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MD LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
BayCove BayCove(0.221)
Wetland Wetland Wetland(0.418) MixRng(0.121)
Retail(0.1) BayCove(0.1
Beach Beach Beach(0.408) | |nidsnd(0.126) Indstri(0.1)
InldSnd
BrGrnd VelAct Extr(0.284)
Cc
MATCHED MD LULC
NJ LULC
by HUMAN by ALGORITHM
CONFORMING | NON-CONFORMING
HighRes HighRes HighRes(0.386) ESVTF@(SO(&?%) MedRes(0.132
MedRes MedRes MedRes(0.269 LowRes(0.128) HighRESR)
LowRes LowRes LowRes(0.189) HighRes(0.128) Med®28()
RurlRes LowRes LowRes(0.174) MedRes(0.159) Brugh@®
LowRes
MixRes MedRes OpenUrb(0.303) Wetland(0.26(
HighRes
Comm Comm Comm(0.291) HighRes(0.164) Indstrl(0)137
Milit Inst Indstrl(0.332)
Indstrl Indstrl Indstrl(0.385) Comm(0.134)
Transp Indstrl(0.153) Comm(0.116)
Comm(0.126) HighRes(0.20¢
Road MedRes(0.110)
Bridge Water(0.719)
Airport AgrBldg(0.116) Indstrl(0.244)
Brush Brush(0.230)
WiindWa Wetland Wetland(0.161)
UpldwaD OpenUrb(0.146) Comm(0.127
UpldWa Brush Brush(0.203) OpenUrb(0.103)
Indstrl(0.112) HighRes(0.103
StrmBas Comm(0.176)
Indstrl ;
ICCmplx Comm HighRes(0.510)
LowRes
MedRes
: : Comm(0.192)
MixUrb HighRes ; OpenUrb(0.122)
Comm HighRes(0.266)
Indstrl Inst
othrurp | Brérnd OpenUrb(0.122) | HighRes(0.100) Comm(0.151)
OpenUrb P ) 9 ) )
Cemet OpenUrb OpenUrb(0.168
WitCemet \(/)v%%g%b OpenUrb(0.104) | AgrBldg(0.272) Pasture(0.259)
Phrg OpenUrb(0.144) Wetland(0.262

b

HighRes(0.132) Comm(0.174)
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MATCHED MD LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
Pasture
Mngwitld Wetlgnd Pasture(0.117) OpenUrb(0.101)
Inst(0.104) Comm(0.124
Recreat OpenUrb OpenUrb(0.122 Indstri(0.123)
Athlet Inst Inst(0.158) Indstrl(0.186)
Stadium Inst Inst(0.116) HighRes(0.138) Indstég2)
OpenUrb
MngWtRe Wetland OpenUrb(0.132)
Pasture(0.149)
CrpPstr Crop PaStureCrop(O.224)
: Crop Past
Agriwet V\;gtﬁ)angs ure Pasture(0.112) AgrBldg(0.154)
FmAgrwe | vetand | grsh(0.123) LowRes(0.120) Pasture(0.118
OrchHrt OrchHrt OrchHrt(0.151) AgrBldg(0.109)
FeedOp FeedOp FeedOp(0.135 Indstrl(0.192)
FeedOp
OthrAgr AgrBldg AgrBldg(0.148) Brush(0.107) Indstrl(0.109)
GdnCrop
: . DeciF(0.134)
DeciF10 DeciF Brush Brush(0.205) MxFrst(0.137)
DeciF50 DeciF DeciF(0.256) MxFrst(0.208) Brush@s)L
; EvrgrnF EvrgrnF(0.262) ;
ConiF10 Brush Brush(0.242) DeciF(0.134)
ConiF50 EvrgrnF EvrgrnF(0.425) Brush(0.107) DeGiER6)
OrchHrt
Plant E\‘;‘r:gmrp EvrgrnF(0.436) | Brush(0.180)
MxFrst MxFrst(0.208)
MxCnF10 | EvrgrnF EvrgrnF(0.200) | DeciF(0.134)
Brush Brush(0.256)
MxFrst EvrgrnF(0.291) ;
MxCon50 EvrgmF MxFErst(0.193) DeciF(0.115) Brush(0.207)
MxErst DeciF(0.172)
MxDec10 : Brush(0.275) EvrgrnF(0.137)
DeciF Brush| vy Frst(0.214)
MxFrst MxFrst(0.207)
MxDec50 DeciF DeciF(0.165) EvrgrnF(0.152) Brush(0.289)
OldFId Brush Brush(0.182)
PhrgOld Brush Brush(0.127) Wetland(0.268)
DecBrsh Brush Brush(0.214) DeciF(0.126)
ConBrsh Brush Brush(0.196) EvrgrnF(0.175)
MxBrush Brush Brush(0.235) DeciF(0.142) MxFrst@1)L
BrUpind BrGrnd Brush(0.283) EvrgrnF(0.279)
EvrgrnF(0.215) Wetland(0.202
Stream Water Water(0.155) Brush(0.124)
NatLake Water Water(0.264) Wetland(0.254)
Rsrvr Water Water(0.506)
. Water Water(0.496)
TdIRiv Wetland Wetland(0.324)
TdIBay Water Water(0.503) Wetland(0.224)
Dredge Water Water(0.227) HighRes(0.120) Wetlar28®)
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MATCHED MD LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
Ocean Water Water(0.545) Wetland(0.118)
SIMrsh Wetland Wetland(0.370) Water(0.123)
SIMrshV Wetland Wetland(0.346) Brush(0.104)
FrMrsh Wetland Wetland(0.494)
VegDune Wetland Wetland(0.122) Indstrl(0.216)
PhrgCwit Wetland Wetland(0.465)
Wetland Wetland(0.171) | MxFrst(0.138) Brush(0.170
DecWdWt | peciF DeciF(0.176) | EvrgmF(0.173)
Wetland
ConWdwt EvrgmF EvrgrnF(0.483)
EvrgrnF EvrgrnF(0.624)
Cedarwt Wetland Wetland(0.187)
DecBrWt Brush Wetland(0.200) | DeciF(0.172) MxFrst(0.100
Wetland Brush(0.200) EvrgrnF(0.159)
Brush Wetland(0.215) ;
ConBrwi Wetland Brush(0.197) DeciF(0.103) EvrgrnF(0.335)
DeciF DeciF(0.159)
MxBrWtD | MxFrst Wetland(0.179) | EvrgrnF(0.213) Brush(0.144)
Wetland MxFrst(0.196)
EvrgrnF MxFrst(0.201)
MxBrWtC | MxFrst Wetland(0.231) | Brush(0.142)
Wetland EvrgrnF(0.250)
Brush Wetland(0.326)
HrDWINT Wetland Brush(0.146)
PhrgWet Wetland Wetland(0.358) Brush(0.105) EVFgon101)
DeciF DeciF(0.148)
MxFrwtD MxFrst MxFrst(0.201) EvrgrnF(0.312) Brush(0.139)
Wetland Wetland(0.155)
EvrgrnF MxFrst(0.180)
MxFrwtC MxFrst Wetland(0.178)
Wetland EvrgrnF(0.416)
Brdwet | Brérnd Wetland(0.314) | EvrgmF(0.270)
Wetland ) 9 )
Beach Beach Beach(0.385) Indstrl(0.119) Water&).17
BrGrnd BrGrnd BrGrnd(0.150)
Extr Extr Extr(0.130) Indstrl(0.325) Beach(0.104)
OpenUrb(0.129) Indstrl(0.155
AltLnd Comm(0.156)
DstrbWt Wetland Wetland(0.224) Brush(0.104)
: OpenUrb
Transi BrGrnd Indstrl(0.231)
Barren BrGrnd Indstrl(0.364)
d
MATCHED DE LULC
NJ LULC
by HUMAN by ALGORITHM
CONFORMING | NON-CONFORMING
HighRes MultFam MultFam(0.402)| SinFam(0.215)
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MATCHED DE LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
MbIHmM
MedRes | poiram SinFam(0.277) | OthrUrb(0.130) MixUrb(0.120
LowRes SinFam SinFam(0.368) MixRng(0.114)
RurlRes SinFam SinFam(0.382)
SinFam ;
: MixUrb(0.114) Watrway(0.250
MixRes MultFam MbIHmM(0.251) MixRng(0.199) MixFrst(0.163)
MbIHm
Retall
VclAct OthrCom(0.275)
Comm Warehs Retail(0.145) MultFam(0.164)
OthrCom
Milit Inst Retail(0.238)
Indstrl Indstrl Indstrl(0.583)
Transp Utility(0.359)
Road OthrCom(0.268) Indstrl(0.242
MultFam(0.236)
Bridge BayCove(0.5)
Airoort Frmstd(0.133) OthrUrb(0.116
P Warehs(0.184) Indstrl(0.101)
NtrlLk(0.118)  InldSnd(0.172
WitindWa Wetland Wetland(0.265) ShrbRng(0.164)
UpldwaD ClrCut(0.195) MixUrb(0.158)
UpldWa mgﬁgg ShrbRng(0.181) |  InldSnd(0.124) CIrCut(0.179)
StrmBas OthrCom(0.434)
Indstrl OthrCom(0.189)
ICCmplx OthrCom Indstrl(0.176) MultFam(0.500)
MixUrb MixUrb MixUrb(0.168) OthrUrb(0.116) MultFa(0.245)
OthrUrb OthrUrb OthrUrb(0.199) OthrCom(0.104) Mirtkf0.172)
Cemet OthrUrb OthrUrb(0.139) MultFam(0.117) SinFarh59)
wiCemet | SV | wetland(0.247) | OrchHrt(0.25) Frmstd(0.25)
Utility(0.125)  MultFam(0.25)
Phrg MbIHmM(0.128) OthrUrb(0.212
MixUrb(0.174)
Pasture
Mngwitld HerbRng Wetland(0.277)
Wetland
Recreat Recreat Recreat(0.375)
Athlet Inst Recreat(0.131) IdleFId(0.229)
; Frmstd(0.223) OthrCom(0.155
Stadium | Inst MbIHM(0.155) Indstrl(0.131)
Wetland Wetland(0.185) :
MngWiRe Recreat Recreat(0.158) MixUrb(0.109)
CrpPstr Crop PastureCrop(0.436) TruckCrp(0.104)
; Crop Pasture
Agriwet WetﬁJand u Wetland(0.310) InldSnd(0.102)
elid | Wetland(0.213)
FmAgrwt IdleFId(0.1) MixUrb(0.115) OthrUrb(0.144)
HerbRng | ghrphRrng(0.173
ShrbRng rbRng(0.173)
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NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
MixRng
OrchHrt OrchHrt OrchHrt(0.355)
FeedOp Feedlot Feedlot(0.502) Frmstd(0.181)
OrchHrt
OthrAgr Feedlot OthrAgr(0.307) IdleFId(0.184)
OthrAgr
DecFrst
: ShrbRng(0.100) :
DeciF10 I\S/IT;tF)iﬁgg DecFrst(0.225) MixFrst(0.134) EvrgrnF(0.153)
: Wetland(0.129) EvrgrnF(0.142
DeciF50 DecFrst DecFrst(0.278) MixFrst(0.140) ShrbRng(0.108)
EvrgrnF
ConiF10 ShrbRng EvrgrnF(0.328) DecFrst(0.128)
MixRng
ConiF50 EvrgrnF EvrgrnF(0.481) DecFrst(0.122)
OrchHrt EvrgrnF(0.379)
Plant EvrgrmF OrchHrt(0.171) | OthrAgr(0.280)
MxCnE10 MixFrst EvrgrnF(0.169) | DecFrst(0.119) Wetland(0.14]
EvrgrnF MixFrst(0.165) MixRng(0.176)
MxCon50 MixFrst EvrgrnF(0.245) | DecFrst(0.113) MixRng(0.152
EvrgrnF MixFrst(0.157) Wetland(0.143)
TSt MixFrst(0.141)
MxDec10 DecFrst(0.179) | Wetland(0.179) EvrgrnF(0.102)
ShrbRng |\ Bng(0.162)
MixRng 9l
MxDec50 MixFrst MixFrst(0.145) EvrgrnF(0.109) Wetland(0.216
DecFrst DecFrst(0.175) | MixRng(0.146)
HerbRng
OldFId MixRng ShrbRng(0.419) IdleFld(0.148)
ClrCut
Phrgold H’i{gﬁgg MixRng(0.174) | ShrbRng(0.182) IdleFId(0.205
DecBrsh ,\SA?;EF;SQ ShrbRng(0.322) | DecFrst(0.158)
ShrbRng NtriLk(0.108) EvrgrnF(0.156
ConBrsh MixRng ShrbRng(0.159) InldSnd(0.160)
HerbRng
ShrbRng(0.197)
MxBrush ShrbRng ;
MixRng MixRng(0.171)
BrUplnd ClrCut MixFrst(0.131) EvrgrnF(0.319
P Trans Wetland(0.208) DecFrst(0.135)
EvrgrnF(0.125) Wetland(0.166
Stream Watrway Watrway(0.250) NitrlLk(0.145)
NatLake NtriLk NtriLk(0.421) InldSnd(0.158) Rsr@.(89)
BayCove(0.102) NtriLk(0.224
Rsrvr Rsrvr Rsrvr(0.322) OthrAgr(0.107)
; BayC
TdIRiv Weiand | BayCove(0.483) | Beach(0.105) Watrway(0.118)
TdIBay BayCove BayCove(0.780)
R
Dredge V\f;;’r(,vay Watrway(0.525) | Wetland(0.136) MbIHm(0.190)
Ocean BayCove BayCove(0.583) Beach(0.175)
SIMrsh Wetland MbIHmM(0.132) BayCove(0.30(
SIMrshV Wetland Watrway(0.131)
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NJ LULC by HUMAN by ALGORITHM
y CONFORMING | NON-CONFORMING
FrMrsh Wetland Wetland(0.256) Watrway(0.113) B€Ai5)
Wetland
VegDune InldSnd InldSnd(0.138) Beach(0.410)
PhrgCwit Wetland Wetland(0.424) Watrway(0.118)
Wetland Wetland(0.449) :
DecWdWi DecFrst DecFrst(0.150) MixRng(0.120)
Wetland EvrgrnF(0.391)
ConWdwt EvrgrnF Wetland(0.335)
EvrgrnF EvrgrnF(0.446)
CedarWt Wetland Wetland(0.410)
ShrbRng
Wetland(0.233)
DecBrwit Wetland ShrbRng(0.245) EvrgrnF(0.108) DecFrst(0.147)
MixRng
ShrbRng
Wetland(0.205)
ConBrwit Wetland ShrbRng(0.311) EvrgrnF(0.274)
MixRng
ShrbRng DecFrst(0.119)
Wetland Wetland(0.228)
MxBrwtD DecFrst ShrbRng(0.138) EvrgrnF(0.151)
MixRng MixRng(0.146)
ShrbRng ShrbRng(0.148)
Wetland Wetland(0.248)
MxBrwtC EvrgrnF EvrgrnF(0.185)
MixRng MixRng(0.178)
Wetland
HroWtNT HerbRng Wetland(0.317) NtrILk(0.105) IdleFId(0.132)
HerbRn .
PhrgWet Wetlandg Wetland(0.467) MixRng(0.103)
Wetland
DecFrst(0.131) :
MxFrwtD DecFrst Wetland(0.372) EvrgrnF(0.151) MixRng(0.109)
MixFrst
Wetland
Wetland(0.323) :
MxFrWtC | EvrgrnF MixRng(0.111)
MixErst EvrgrnF(0.274)
HerbRng
BrndWet Wetland Wetland(0.679) NtriLk(0.250)
Beach Beach Beach(0.395) :Rl(?jsstrri(do((ﬁ_%)zl) BayCove(0.158
BrGrnd JunkYrd(0.181)
Extr Extr Extr(0.137) \F/(egﬁﬂﬁtéoz:lﬁ?) Frmstd(0.164
AltLnd Rsrvr(0.109) VclAct(0.211)
DstrbWt Wetland Wetland(0.229) Trans(0.168)
Transi Trans Trans(0.367) Indstrl(0.117)
Barren InldSnd InldSnd(0.118) Extr(0.119) VclAct4B5)
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As shown in Table 6.2 and Figure 6.1, the matchiegult of weighted sum
(WtdSum) has better conformance rate (Conf) andigios (Prec) (defined in section
4.3.2) than those of either the remote sensingdasethod (RS) or the lexical
semantics based method (KE-LSA). In the experimehtnatching MD LULC to
DE LULC, NJ LULC to MD LULC, and NJ LULC to DE LULCthe conformance
rate is higher than 90% with a precision at ab@%5This means, combining lexical
semantics and remote sensing, our method is capéliileding correct matches for
90% of the categories at a precision of 50%. Asmaparison, in its best performed
experiment, previous feature-based method (Zhou Al 2008) finds correct
matches for 50% of the categories at a precisioB0&b. Also included is the single
measure named F measure that trades off precigmuy conformance rate. It is
defined as the harmonic mean of conformance ratgeetision

F-2PC
P+C

whereP is the precision an@ is the conformance rate(Manning et al. 2008). Fhe
measure confirmed the improvement of performaneangaring to average the F
measure values among human evaluations (0.90 f&MDE 0.89 for MD2DE),

weighted sum strategy still need substantial impnognt.But for the experiment of
matching MD LULC to DE LULC, the difference of F amure between weighted

sum (0.70) and least agreed evaluation (0.77)disoed.

As explained in 6.1, from a theoretical point ofwi we anticipate the potential
advantages from combining two independent datacesuilhe advantage is two-fold.

First, two data sources can be mutually complenmgnthe missing pieces in one

164



source can be picked up by the other, and therimtieg should therefore be more

complete. Second, as data sources contain noiags)ghseveral independent data

sources enables the mutual validation, which isoirigmt to separate information

from noise.

Intuitively, same piece of informatioextracted from multiple

independent data sources are much more likely totrbe, while a piece of

information extracted from one data source butppsaved by other sources more

likely turns out to be noise.

Table 6.2 Performance of Weighted Sum

Conformance Rate Precision F Measure

KE-LSA | RS WitdSum | KE-LSA | RS WitdSum | KE-LSA | RS WitdSum
DE2MD | 0.78 0.84| 0.84 0.40 0.35| 0.37 0.53 0.50 0.52
MD2DE | 0.86 0.82| 0.91 0.46 0.34| 0.57 0.60 0.48 0.70
NJ2MD 0.92 0.77| 0.92 0.48 0.38| 0.50 0.63 0.51] 0.64
NJ2DE 0.81 0.70 0.90 0.37 0.40 0.45 0.51 0.51] 0.59

$ &+
- — - - - | — —— -]~ —— — 4 |O-%+.
\ Q \ Q \ Q \
S5 S5 * %

(( (

Figure 6.2 Performance of Weighted Sum

By examining the matching result, we find weightdn, although plain and

simple, is capable of realizing these theoreticdvaatages, and gives better

performance than using lexical semantics or rensetgsing alone (table 6.2). For

example, when matching NJ LULC to MD LULC, the leadi semantic method
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missed the match from Saline Marshes (Low marsletatign) to Wetland. But in
remotely sensed data, parcels of these two cat=gdvave very similar spectral
responses and therefore are matched together &t similarity value. When
calculating the weighted sum, despite the BIMs., Saline Marshes (Low marsh
vegetation) NJ and Wetland MD are correctly matctoggether because of the high
SIMgs This is one of several examples of how combinimigpendent data sources

can further complete the matching results.

At the same time, we observe more cases in whichbgong data sources
demonstrates the advantage of denoising matchisgltse For example, when
matching NJ LULC to DE LULC, although both lexic@mantic method and remote
sensing method correctly match category Orchardspeyards, Nurseries,
Horticultural Areas, and Sod Farms of NJ LULC tackards/Nurseries/Horticulture
of DE LULC, they both mistakenly include severabmatches, such as Truck Crops
picked up by lexical method and Cropland and Pagpicked up by remote sensing
method. It is worth noticing mismatching orchardsctopland or pasture in remote
sensing is not very surprising, and it is alreadyarhed” in some early work
(Anderson 1976): “many of these (Orchard) areas rbayincluded in another
category, generally Cropland and Pasture, whentifdetion is made by use of
small-scale imagery alone.” Anderson also pointed that “identification (of
Orchards) may be aided by recognition of the comtipn of soil qualities,
topography, and local climatological factors neededthese operations.” In this
research, instead of soil, topography, and locehatblogy, we will use lexical

semantics to aid the separation and improve theracg. Then in the matching result
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for orchard using weighted sum, Truck Crops, Cnoglaand Pasture are all excluded

as their compound similarities are below the tho&sh

From Table 6.2 and Figure 6.2, we can see an obvioproved performance in
the matching results, and concludes that weighted s an effective strategy to
aggregate similarities from different measuremesien without any optimization on
weights. In the next section, we will try to figuoait whether there is a way to

optimize the weights to further improve the matchiesults.

6.2.2 Optimizing Weights

In 6.2.1, we discussed the matching results usiagveighted sum dIMgsand
SIMsem Using evenly assigned weight of 0.5, the composmdilarity leads to
matching results that have an obvious improvemeet the results from either of the

two. But is there a space for further improvemenadjusting the weights?

Intuitively, we want to assign a higher weight ke tsimilarity leading to better
performance. But as shown in previous chapterd) bimhilarity measurements have
limitations, and their performance will fluctuatsnang different LULC categories in
different classification systems. Therefore, a dixa global weighting of the two
similarities is not feasible. Instead, a good wéigh scheme should be specific to

each category.

By comparing to human evaluation, we define Netf@oning Similarity (NCS)
to measure a method’s performance on each LULQoateFor each given category

Gi, the equation is defined as follows
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NCS(G)= 5 - b

|.
~ o J
le Ct:onf le Cnon 2

whereCcont is the collection of all conforming matches of tjigen category;,

Chon is the collection of all non-conforming match&g,is the similarity for category
¢ and its match category, @ndl; is the level of minimal common upper category of
non-conforming match; @nd any one of the matches given by human evalualy
its definition, given a LULC category NCS measutiee conformity (with human
evaluation) of matches found by an integration algm. For conforming matches,
their contribution to NCS is positive, weighted llgeir similarity. For non-
conforming matches, their contribution is negatmeighted by similarity and how
deviant from human evaluation each non-conformiragcmis. For example, in table
6.3, for Multiple Family DE, algorithm found fouratches in MD LULC, in which
Medium Density Residential and High Density Rest@grare conforming to human
evaluation and Commercial and Low Density Resi@érare not. The first part of
NCS is the sum of conforming similarity, calculatasl 0.181 plus 0.278 equals to
0.459. For the second part, we first find the misieommon upper category for each
non-conforming match and matches from human evialuatFor category
Commercial, it shares minimal common upper cateddryan and Built-up with
Medium Density Residential from human evaluatiorbdh and Built-up is a level 1
category. Therefore category Commercial’s contrdyutis its similarity 0.165
divided by 2 equals to 0.0825. As the minimal common uppergmate of Low

Density Residential and either of the human match&esidential, a level 2 category,
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its contribution is its similarity 0.280 divided 87 equals 0.07. Then the NCS for

Multiple Family Residential in DE LULC is calculatas 0.3065.

Table 6.3 Matching Multiple Family DE to MD LULC

DE MATCHED MD LULC
LULC by by ALGORITHM
HUMAN | CONFORMING | NON-CONFORMING

MultFam | MedRes | MedRes(0.181) | Comm(0.165)
HighRes | HighRes(0.278) | LowRes(0.280)

Now it seems we could assign different weighStMsemandSIMgsaccording to
their NCS values for each LULC category; highergheigoes to the similarity with a
higher NCS value. However, in the process of maghULC classification systems,
complete human matching is not present; otherisartatching process is redundant.
The approach of weighting similarities by directlymparing their resultant matches
to human evaluation is not feasible. Instead, wexrte find some indicator to predict

the performance of similarity measurements withauhan evaluations.
Data Approach

We attempted two approaches to find an indicatwst,Fve tried to summarize
the indicator from experimental data. Within thgpeoach, two hypotheses that may
lead to indicators are made and tested. The fiypbthesis is as a high similarity
suggests more confidence from the algorithm intiesch, it is more likely to be true
(conforming to human evaluations). As all similaritalues of matching a source
category to all its targets sum up to 1, a higherilarity among leads to a higher
variance. This hypothesis predicts that a highetamae in the similarity values

indicates a better performance from the algorithm.
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We tested this hypothesis in all the matching expents, and the results only
support this hypothesis to a limited extent. Inuregy6.3, x axis is the variance, y axis
is the NCS, and each source category in matchjpgsents a dot in the graph. There
seems to be a faint correlation between the vagiamd NCS, but the correlation is
not strong enough to be discovered statisticallfaoibe used as an indicator of

potential performance.
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Figure 6.3 Distribution of NCS along variance

A second potential indicator is designed $3kgsonly. In previous section 3.2.8,
to find typical parcels to represent its categargl aerve as the input to train a SVM
classifier, we first removed parcels that are asticdn spectral space, and then
performed a cross validation and keep those unafle@ parcel’s label assigned in
the cross validation is same as its original laBalcels that can survive these two
filtering processes are considered representatidecanstitute the training set. Our
hypothesis is then the higher percentage of reptabee parcels (survived the two
steps), the better chance a similarity measurem@it work on this category (high

NCS).
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However, this hypothesis is also difficult to bepparted by experiments. In
Figure 6.4, x axis is the percentage of represeetgiarcels, y axis is the NCS, and
each source category in matching represents andibiei graph. As we can observe
and quantitatively test, there is no obvious tresrd correlation in the graph.
Comparing to the variance of output similaritielse tpercentage of representative
parcels is even less likely to be related to théopmance. A possible explanation to
this non-correlation is that the process of findiegresentative parcels is a “quality
before quantity” process, and many less represeatparcels that are not calculated

in the percentage, are actually classified to conifiog matches and still benefit NCS.

Figure 6.4 Distribution of NCS along the percentafjeepresentative parcels

Based on the above discussion, trying to predietprformance by exploring
input data or output similarities is difficult. Hawer, at this point, we do not rule out
the possibility that solid correlation might emergduture matching attempts, but in

this research, we need to find an alternativeeggsato optimize the weights.
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Domain Knowledge Approach

Different from data approach, a knowledge approads to apply domain
knowledge to our weighting problem. As explainedpirevious chapters, remote
sensing has a limitation when discriminating urldand uses, because the use of
artificial parcels is usually difficult to decideoin observations alone. At the same
time, the semantic heterogeneity is a serious prolibr non-urban categories, where
a remote sensing method and a lexical semanticadette both indispensable. Based
on this consideration, we make a hypothesis tHadrutand use categories are more
accurately matched by lexical semantic methods]ewthie remote sensing method
will contribute more on non-urban categories. Henae propose an uneven
weighting scheme that will assign a higher weightheSIMsemand a lower weight to
SIMrswhen matching urban categories, and will assignottiginal weighting to both

similarities when matching non-urban categories.

The experiment of matching the NJ LULC to the MD U@ shows the
performance is improved when assigning the weidlt.® to SIMsen,and the weight
of 0.4 to SIMgs for urban categories. We tested this weightingeste in other
experiments, and observed better performance ichma NJ LULC to DE LULC
and DE LULC to MD LULC, but performance dropped wheatching MD LULC to
DE LULC (Table 6.4). In order to understand unddratvcircumstances uneven
weighting will work, we compare lexical semanticdaremote sensing methods’
performances on each category when matching NJ Lt ™MD LULC and MD

LULC to DE LULC.
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Table 6.4 Performance using domain knowledge driverghting (uneven) and

even weighting

Conformance rate Precision F Measure

Even Uneven| Even Uneven Even Uneven
DE2MD 0.84 0.84 0.37 0.38 0.52 0.53
MD2DE 0.91 0.86 0.57 0.5 0.70 0.63
NJ2MD 0.91 0.93 0.5 0.5 0.64 0.65
NJ2DE 0.9 0.9 0.44 0.45 0.59 0.6

Figure 6.5 compares the NCS values using two methmanatch (a) NJ LULC
to MD LULC and (b) MD LULC to DE LULC, in which aatk grey bar corresponds
to an urban category and a light grey bar corredpado a non-urban category. When
the remote sensing method (RS) performs betterlthacal semantic method (Sem),
the bar is upward, and otherwise it is downwarde fhight of the bar corresponds to

the difference of NCS between two methods on thegcay.

From the figures, we can see matching NJ LULC to MDLC follows our
assumption very well. The lexical semantic methad bbvious advantages over the
remote sensing method in matching urban categosilee the two methods perform
equally well for non-urban categories. In this ¢abe uneven weighting leads to an
improvement in performance. As for matching MD LUIt€ DE LULC, however,
the hypothesis cannot stand because the remotmgansthod has an overall better
performance than the lexical semantic method, andn@ven weighting is no longer

needed and will lead to a performance drop.

The causation behind rejecting the hypothesis it eqtraightforward. As listed
in Appendix I, MD LULC has the fewest categoriesdathe simplest urban

classification, which can be handled well by remsensing. But if a LULC
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classification system has more detailed urban caitegy such as DE LULC and NJ

LULC, uneven weighting is more likely to be ben&fic

RS
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Figure 6.5 (a) Comparing NCS using remote sensithlexical semantics to

match NJ LULC to MD LULC

1
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MNCS

Sem

Figure 6.5 (b) Comparing NCS using remote sensim laxical semantics to

match MD LULC to DE LULC
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6.3 Balancing Completeness and Accuracy

The methods introduced in this dissertation, eitreesed on lexical semantics or
remote sensing, are both completely automated, wihh@ans human input or
interference are not involved before and during riteching process. But different
applications of LULC data, e.g. environmental reseumanagement or urban
planning, have different emphases on integratirssification systems. Hence,
human expertise, absent in previous stages, wilhéeded to evaluate integrated
classification systems and make adjustment in tatimmg results to make it suitable
to specific needs. To accommodate human adjustmiemgsuseful to expanding the
pool of candidate matches, which should be largan tthe matching provided by

weighted sum.

As aforementioned, two independent sources can bed uas mutual
complementation, and this leads to an accommodatigeario of aggregatir®Msem
and SIMgs in which we pick the higher value from the two meaximize the
completeness Then in the matching result, thigegiyaworks as logical disjunction:
if either SIMsemOr SIMgsis greater than the threshold, the match will é@gnized.
Unsurprisingly, the results (Table 6.5) show a hegimformance rate (91% - 97%)

but a low precision (27% - 35%) (Table 6.6).
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Table 6.5 Matching Results Using Logical Disjunatind Conjunction (in bold)

a
MATCHED MD LULC
DE
by ALGORITHM
LULC | by HUMAN y
CONFORMING | NON-CONFORMING
. LowRes :
SinFam LowRes MedRes MedRes Pasture HighRes OpenUrb
MultFam | MedRes HighRes MedRes HighRe€£omm LowRes
: ; LowRes Comm OpenUrb
MbIHmM HighRes HighRes Indstrl MedRes
Retalil Comm Comm HighRes Indstrl
VclAct Indstrl Comm Comm Indstrl Extr
JunkYrd Indstrl Comm Indstrl Comm HighRes LowRededRes
Warehs Indstrl Comm Comindstrl AgrBIdg Inst
Brush AgrBldg LowRes
OthrCom | Comm Comm OrchHrt Indstrl
Indstrl Indstrl Indstrl Comm
Utility OpenUrb Indstrl Indstrl Pasture Comm Crop
: Any urban except Indstrl Inst
MixUrb OpenUrb Comm MxFrst OpenUrb AgrBldg
OthrUrb BrGrnd OpenUrb OpenUrb Inst Pasture CropBAdg
Inst Inst Inst Indstrl Comm HighRes
OrchHrt  GdnCrop Ins
Recreat OpenUrb OpenUrb Comm AgrBldg Indstrl
Water
Crop Crop Crop FeedOp Pasture
Pasture Pasture Pasture Crop AgrBldg Brush
IdleFId OpenUrb Brush Brush LowRes Crop Pasture
OrchHrt OrchHrt OrchHrt LowRes Crop Pasture DegiF
Feedlot FeedOp FeedOp Indstrl Extr
Frmstd AgrBldg AgrBldg Pasture FeedOp Inst Indstr|
OthrAgr Crop AgrBldg Crop E?us;ﬁre Indstrl - FeedQp
HerbRng | Pasture Brush Pasture
ShrbRng | Brush Pasture Brush LowRes DeciF
; DeciF LowRes MedRes
MixRng Brush Pasture Brush MxFrst
. . EvrgrnF MxFrst  Brush
DecFrst DeciF DeciF LowRes
EvrgrnF EvrgrnF EvrgrnF MxFrst DeciF
: Brush EvrgrnF  DeciF
MixFrst MxFrst MxFrst LowRes
CirCut BrGrnd Brush Brush FeedOp Pasture Crop
Watrway | Water Water
NtriLk Water Water EvrgrnF AgrBldg Wetland
Rsrvr Water Water
BayCove | Water Water
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MATCHED MD LULC

DE
by ALGORITHM
LULC | by HUMAN y
CONFORMING | NON-CONFORMING
Wetland Wetland Wetland Brush DeciF MxFrst
Beach Beach Beach Water Indstrl
InldSnd BrGrnd Crop IndstBeachWater
Extr Extr gfgghlndstrl Water Comm|
Trans Crop Brush BrGrnd FeedOp GdnCrop OpenUr}
Indstrl
b
MATCHED DE LULC
MD
by ALGORITHM
LULC | by HUMAN y
CONFORMING | NON-CONFORMING
LowRes SinFam SinFam JunkYrd MultFam MixRng
MedRes MultFam SinFam SinFam MultFam | MixRng JunkYrd
. MbIHmM ;
HighRes | MultFam MbIHm MultFam SinFam
Retail OthrCom| MixUrb OthrCom
Comm MixUrb Retall JunkYrd
Indstrl JunkYrd| Warehs JunkYrg .
Indstrl Warehs Indstrl Retalil
Warehs SinFam MixUrb
Inst Inst Inst OthrUrb
Extr Extr Extr SinFam VclAct Feedlot
SinFam MixUrb OthrUrb
OpenUrb | Recreat Recreat MbIHmM
Crop Crop OthrAgr Crop Extr TruckCrp SinFam
Pasture Pasture Pasture SinFam Crop
OrchHrt OrchHrt OrchHrt Crop  TruckCrp  Trans
Pasture OthrCom SinFam
FeedOp Feedlot Feedlot Crop Frmstd
Crop OthrCom Feedlo
AgrBldg | Frmstd Frmstd OthrUrb Pasture Warehs
GdnCrop | TruckCrp TruckCrp Trans Pasture Crop
: MixFrst ShrbRng EvrgrnH
DeciF DecFrst DecFrst MixRng
NtriLk  ShrbRng MixFrst
EvrgrnF EvrgrnF EvrgrnF DecFrst
. : ShrbRng MixRng DecFrst
MxFrst MixFrst MixFrst EvigrF
ShrbRng MixRng
Brush IdleFld ClrCut ggr%lj?tn \dleFld OthrAgr EvrgrnF
HerbRng Trans 9
Watrway Rsrvr| Watrway Rsrvr
Water NtriLk BayCove BayCove Extr Beach
Wetland Wetland Wetland MixRng Watrway Rsrvr
Retail BayCove Extr
Beach Beach Beach InldSnd Indstrl
BrGrnd InldSnd VclAct Extr Pasture MixRng
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MATCHED MD LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
: : ; Indstri  Comm  MedRe$
HighRes HighRes HighRes LowRes
MedRes MedRes MedRes Comm LowRedHighRes
LowRes LowRes LowRes HighRes BrusiMedRes
RurlRes LowRes LowRes MedResBrush HighRes
; LowRes MedRes |,
MixRes HighRes HighRes OpenUrb Wetland MxFrst
Comm Comm Comm OpenUrb HighRes Indstrl
. Indstrl HighRes OpenUrh
Milit Inst Inst Brush Beach
Indstrl Indstrl Indstrl OpenUrb HighRes Comm
Wetland OpenUrb Indstil
Transp HighRes Comm
Brush Comm HighRes$
Road Wetland MedRes
Bridge Water OpenUrb Brush
: Inst HighRes  AgrBldg
Airport Indstrl
WilndWa Brush Wetland Wetland Brush OpenUrb LowRes DeciF
Inst LowRes HighRes
UpldwaD OpenUrb Comm
UpldWa Brush Brush Pasture LowRes OpenUrb
Indstrl  Brush  HighReg
StrmBas Comm
ICCmplx Indstrl Comm Comm Indstrl HighRes AgrBldg
LowRes MedRes
MixUrb HighRes Comm Comm HighRes MxFrst OpenUrb
Indstrl Inst
OthrUrb BrGrnd OpenUrb OpenUrb HighRes Comm Irdstr
Cemet OpenUrb OpenUrb Pasture AgrBldg
WtCemet OpenUrb Wetland OpenUrb WetlanégrBldg Pasture
OpenUrb Wetland HighRes
Phrg Comm
Mngwitld Pasture Wetland Wetland Pasture HighResnQjpb Comm
Recreat OpenUrb OpenUrb g]rﬁsﬁ'ghRes Comm Indstyl
Comm Brush  Indstrl
Athlet Inst Inst FeedOp
Stadium Inst Inst HighRes Indstrl AgrBldg
Wetland
MngWtRe | OpenUrb Wetland OpenUrb AgrBldg Inst Pasture
CrpPstr Crop Pasture Past@mop FeedOp GdnCrop
: Crop Pasture Crop Wetland
Agriwet Wetland Pasture Ope_nUrb FeedOpgrBldg
FmAgrwt | Wetland Brush Wetland Brush ng'zﬁre AgrBldg  LowRes
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MATCHED MD LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
AgrBldg FeedOp Crog
OrchHrt OrchHrt OrchHrt Indstrl Pasture
FeedOp FeedOp FeedOp MxFrst Comm Indstrl
FeedOp  AgrBldg Brush Pasture OpenUrb
OthrAgr GdnCrop AgrBldg FeedOp Indstrl
: . : MedRes EvrgrnF  MxFrst
DeciF10 DeciF Brush DeciF Brush LOWReS
: : ; MxFrst  Brush  LowRes
DeciF50 DeciF DeciF HighRes EvrgrF
ConiF10 EvrgrnF Brush EvrgrnF Brush DeciF MxFrst
; HighRes Brush  MxFrst
ConiF50 EvrgrnF EvrgrnF DeciFE
Plant OrchHrt EvrgrnF EvrgrnF DeciF Brush
MxFrst EvrgrnF| MxFrst EvrgrnF :
MxCnF10 Brush Brush DeciF
MxCon50 MxFrst EvrgrnF EvrgrnF MxFrst | DeciF Brush HighRes
: DeciF Brush
MxDec10 MxFrst DeciF Brush MxErst EvrgrnF
MxDec50 MxFrst DeciF MxFrst DeciF EvrgrnF Brush
OldFId Brush Brush Comm Pasture
EvrgrnF  OpenUrb  Crop
PhrgOld Brush Brush MedRes Wetland
DecBrsh Brush Brush MxFrst LowResDeciF
ConBrsh Brush Brush EvrgrnF
MxBrush Brush Brush DeciF LowRes MxFrst
Brush  MxFrst  EvrgrnF
BrUplind BrGrnd OpenUrb
EvrgrnF  Wetland Brush
Stream Water Water OpenUrb
NatLake Water Water EvrgrnF Wetland
Rsrvr Water Water Wetland
TdIRiv Water Wetland Water Wetland
TdIBay Water Water Wetland OpenUrb
Dredge Water Water HighResWetland
Ocean Water Water OpenUrb Wetland
Water  Brush LowRes
SIMrsh Wetland Wetland MxFrst
SIMrshV Wetland Wetland Brush EvrgrnF HighRes
FrMrsh Wetland Wetland Water
Indstrl  OpenUrb  Comm
VegDune Wetland Wetland EvrgrmF
PhrgCwit Wetland Wetland
DecWdWt | Wetland DeciF WetlarideciF MxFrst Brush EvrgrnF
ConWdwt | Wetland EvrgrnF EvrgrnF Wetland | Brush DeciF MxFrst
CedarWt EvrgrnF Wetland | EvrgrnF Wetland | Brush
DecBrwt | Brush Wetland Wetland Brush DeciF MxFrst EvrgrnF
ConBrwt | Brush Wetland Wetland Brush DeciFEvrgrnF
MxBrwtD | DeciF MxFrst| DeciF Wetland | EvrgrnF Brush
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MATCHED MD LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING | NON-CONFORMING
Wetland MxFrst
EvrgrnF MxFrst| MxFrst Wetland :
MxBrwtC Wetland EvrgmF Brush DeciF
HroWINT | Brush Wetland Wetland Brush MxFrst
PhrgWet Wetland Wetland Brush EvrgrnF
DeciF MxFrst| DeciF MxFrst
MxFrwtD Wetland Wetland EvrgrnF Brush
EvrgrnF MxFrst| MxFrst  Wetland :
MxFrwtC Wetland EvrgmF Brush DeciF
MxFrst  EvrgrnF  Brush
BrndWet BrGrnd Wetland Wetland OpenUrb
Beach Beach Beach HighRes Indstrl Water
BrGrnd BrGrnd BrGrnd
Extr Extr Extr Indstrl Beach
AltLnd OpenUrb Indstrl Comm
DstrbWt Wetland Wetland OpenUrb Indstrl Brush
Transi OpenUrb BrGrnd OpenUrb Indstrl Comm
Beach Indstrl  OpenUrh
Barren BrGrnd Brush
d
MATCHED DE LULC
NJ LULC by ALGORITHM
by HUMAN y
CONFORMING NON-CONFORMING
HighRes MultFam MbIHmM MultFam MbIHmM | Indstrl SinFam
MedRes SinFam MbIHmM SinFam MbIHm af)%%b MultFam MixRng
LowRes SinFam SinFam OthrUrb MixRng
RurlRes SinFam SinFam MixRng MultFam
: SinFam  MultFam MixUrb Watrway MixRng
MixRes MbIHmM MblHm MixFrst
Retail VclAct :
Comm Warehs OthrCom OthrComRetail MultFam Frmstd Indstrl
. Retail Rsrvr InldSnd
Milit Inst MultEam
Indstrl Indstrl Indstrl Warehs Retail
MixUrb  Utility OthrUrb
Transp Indstrl MultFam Retail
SinFam OthrCom Indstn
Road MultFam
Bridge IdleFId BayCove VclAct
Frmstd OthrUrb MultFam
Airport Warehs Feedlot MixUrh
Indstrl
MixRng NtrlLk InldSnd
WitindWa Wetland Wetland ShrbRng EvrgrnF
MixRng Feedlot InldSng
CIrCut SinFam MbIHmM
UpldwaD OthrUrb MixUrb Frmstd
ShrbRng
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MATCHED DE LULC

i

NJ LULC by ALGORITHM
by HUMAN
CONFORMING NON-CONFORMING
UpldWa ShrbRng MixRng MixRng ShrbRng ﬁm&]rb InldSnd - ClrCut
StrmBas OthrCom MultFam
Indstrl Retail VclAct
ICCmplx Warehs OthrCom OthrCom Indstrl MultFam | |
MixUrb MixUrb MixUrb amtrg;?n MixFrstMixRng
OthrUrb OthrUrb OthrUrb I\R/li(lztrg:% OthrCom  MixUrk
MultFam Frmstd MixUrb
Cemet OthrUrb OthrUrb SinFam
WtCemet OthrUrb Wetland OthrUrb Wetland I\S/Illrjlllt:l?;nm OrchHrt - Frmst
Phr Utility MultFam MbIHmM
9 OthrUrb MixUrb
Pasture HerbRng HerbRng Wetland
Mngwitld Wetland Pasture Indstrl OthrCom InldSnd
Recreat Recreat Recreat VclAct IdleFId
MbIHm  Indstrl  Feedlot
Athlet Inst Recreat OthrCom IdleFId
; Frmstd OthrCom MbIHmM
Stadium Inst Indstrl InldSnd MultFam
MngWtRe | Wetland Recreat Wetland Recreat MixUrktirrasOthrUrb
CrpPstr Crop Pasture Past@eop TruckCrp
: Crop Pasture Crop Wetland
Agriwet Wetland Pasture InldSnd NtrlLk
IdleFId Wetland
Wetland IdleFId|
FmAgrwt I\HA?;EESQ ShrbRng MixRng ShrbRng MixUrb OthrUrb
OrchHrt OrchHrt OrchHrt Crop Trans OthrCom
FeedOp Feedlot Feedlot Frmstd Indstrl
OrchHrt Feedlot
OthrAgr OthrAgr Feedlot OthrAgr IdleFId Frmstd
: DecFrst  ShrbRng ShrobRng MixRng|
DeciF10 MixRng DecErst MixFrst EvrgrnF Wetla.md
DeciF50 DecFrst DecFrst mi%%ngdsrﬁ\ggg: MixFrs{
; EvrgrnF  ShrbRng Wetland NtrlLk DecFrst
ConiF10 MixRng EvrgrnF ShrbRng MixFrst InldSnd
ConiF50 EvrgrnF EvrgrnF MixFrst InldSnd DecFrst
Plant OrchHrt EvrgrnF EvrgrnF OrchHrt OthrAgr
MxCnF10 | MixFrst EvrgrnF EvrgrnF MixFrst ,\DA?)fSrrgtMigﬁang Wetlan
MxCon50 MixFrst EvrgrnF EvrgrnF MixFrst ADA?)?FIq:rr,SgtWSeTQr%ng MixUrt
MixFrst DecFrst| ShrbRng  MixFrst :
MxDec10 ShrbRng MixRng DecFrstMixRng Wetland MixUrb EvrgrnF
; : EvrgrnF MixUrb ShrbRng
MxDec50 MixFrst DecFrst MixFrst DecFrst WetlandMixRng
OldFld HerbRng  MIXRNG| vixrng circut | ShrbRng IdleFid
PhrgOld HerbRng MixRng MixRng ShrbRng IdleFId
DecBrsh ShrbRng MixRng MixRn§hrbRng wgh[a(nd InldSnd  DecFrst
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MATCHED DE LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING NON-CONFORMING
ConBrsh ShrbRng MixRng | ShrbRng MixRng | NtrlLk EvrgrnF InldSnd
HerbRng ShrbRng : DecFrst  MixFrst InldSnd
MxBrush MixRng ShrbRng MixRng Wetland
MixFrst EvrgrnF Wetland
BrUpind ClrCut Trans DecFrst
EvrgrnF  Wetland Rsrvy
Stream Watrway Watrway OthrUrb MixUrb NtrlLk
NatLake NtriLk NtriLk InldSnd MixRngRsrvr
BayCove NtrILk Watrway
Rsrvr Rsrvr Rsrvr OthrAgr
; InldSnd Rsrvr NtriLk Beach
TdIRiv BayCove Wetland | BayCove Watrway
TdIBay BayCove BayCove Watrway
Dredge Rsrvr Watrway Watrway Wetland MbIHm BayCove
Ocean BayCove BayCove Beach Indstrl
EvrgrnF  VclAct MbIHmM
SIMrsh Wetland MixUrb OthrUrb Watrway
BayCove
SinFam EvrgrnF MultFam
SIMrshv Wetland Watrway Crop Extr MixRng
FrMrsh Wetland Wetland \é\gﬁg’r\]’ay MixRng BayCove
VegDune Wetland InldSnd InldSnd Indstrl Beach Malhn
PhrgCwt Wetland Wetland Watrway EvrgrnF MixRng
DecWdWt | Wetland DecFrst | Wetland DecFrst MixRng EvrgrnF
ConWdWt | Wetland EvrgrnF Evrgrn®etland MixFrst MixUrb MixRng
CedarWt EvrgrnF Wetland EvrgrnF Wetland ShrbRng
ShrbRng  Wetland Wetland ShrbRng
DecBrwit MixRng MixRng EvrgrnF DecFrst
ConBrwit af:;gﬁgg Wetlang Wetland ShrbRng EvrgrnF
ShrbRng  Wetland DecFrst Wetland :
MxBrwiD DecFrst MixRng ShrbRng MixRng EvrgmF MixFrst
ShrbRng  Wetland ShrbRng Wetland : :
MxBrwitC EvrgrnF MixRng EvrgrnFMixRng MixUrb MixFrst
ShrbRng NtriLk EvrgrnH
HroWtNT | Wetland HerbRng Wetland IdleFld MixRng
PhrgWet HerbRng Wetland Wetland \l\//lvi?(tFrivr\llSy EvrgmF ShrbRng
Wetland DecFrst DecFrst  MixFrst .
MxFrwtD MixErst Wetland EvrgrnF MixRng
Wetland EvrgrnFH Wetland EvrgrnF| . :
MxFrwtC MixFrst MixErst MixRng MixUrb
BrndWet HerbRng Wetland | Wetland NtriLk
Watrway Indstrl BayCove
Beach Beach Beach InldSnd
BrGrnd MbIHmM JunkYrd Frmstd
Indstrl  Feedlot InldSng
Extr Extr Extr Frmstd VclAct
MixUrb  OthrUrb  Rsrvr
AltLnd VelAct
DstrbWt Wetland Wetland EvrgrnF Trans InldSnd
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MATCHED DE LULC

NJ LULC by ALGORITHM
by HUMAN
CONFORMING NON-CONFORMING
Transi Trans Trans OthrCom Feedlot Indstrl
Barren InldSnd InldSnd Extr VclAct Trans
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On the contrary, as independent sources can betosedidate each other, in a
tight scenario, we pick the lower similarity of thgo to maximize the accuracy. In
the matching result, this strategy works as logamijunction: only if bothSIMsem
andSIMgs are greater than the threshold, the match willdoegnized. This time the
results (bold in Table 6.5) show a rather high sien (77% - 80%) with a small
sacrifice of the conformance rate. Adopting the &asure defined as the harmonic

mean of conformance rat€)(and precisionR)

F-2PC
P+C

the logical conjunction strategy beats both lexisamantic and remote sensing
methods and all other aggregation schemes (Fig@jelecause it offers evenly high
conformance rate and precision. Having more implotree F measure (0.60-0.75)
than all other aggregating strategies, the remensisg method, and the information
retrieval method alone, a logical conjunction (attagppthe minimum similarity) is the

recommended method to achieve both high completeaed high exactness when
matching LULC classifications. Especially, when omtg the MD LULC to DE

LULC, a logical conjunction has achieved a F measdir0.75, which is very close to
the least agreed human evaluation at 0.77. Howelttiough it is a better solution
than previous works, conformance rate at 64% widtipion at 78% suggests there
are still substantial improvements in our algoritheeded for this fully automated

algorithm to be totally reliable in a real worldka

On the other hand, despite algorhtmic improveimehtd are progressively

harder to achieve as performance gets better,astpall amount of human inputs in
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the algorithm can provide a more reliable matchidgving a pool of candidates in
the accommodative scenario, human experts will lbe & refine the matching
results according to their requirements. At the esaime, they could be much more
confident on the matches recognized by both lexsemhantics and remote sensing

methods.

Table 6.6 Performance in accommodative (Max) agtat {iMin) scenarios

Conformance rate Precision F
Min Max Min Max Min Max
DE2MD | 0.68 0.92 0.77 0.2889120.72 0.42
MD2DE | 0.73 0.95 0.78 0.31 0.75 0.47
NJ2MD | 0.65 0.97 0.78 0.35 0.71 0.52
NJ2DE | 0.49 0.91 0.80 0.33 0.60 0.48
$ &+
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Figure 6.6 Performance of different compound sintiks, i.e. logical

conjunction (Min), logical disjunction (Max), andewghted sum (WS)

6.4 Awareness of Semantic Heterogeneities

Previously in this chapter, we developed diffenealys to aggregat8lMserand
SIMgrs and then compared their resultant matching witimdn evaluation to decide

how well each aggregation method performs. Howeagmentioned multiple times
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in previous chapters, using lexical semantics tacmaULC categories, including
human evaluation, are potentially vulnerable to @einc heterogeneities. Therefore,
in addition to providing a matching result that nsore conforming to human
evaluation (which we achieved in 6.2 and 6.3), wechto take the other advantage of

possessing two independent sources to locate sierhaterogeneities.

There are two main types of semantic heterogeseitrghich are naming
conflicts and confounding conflicts (Goh 1997). Nagn conflicts happen when
LULC categories under different labels represennesaor similar LULC from
observation, while confounding conflicts happen whabels and descriptions of two
LULC categories seem to describe same or similat@dtatus, but in reality they
are different. As discussed in section 2.3, bottesyhave an impact on matching

LULC classification systems.

Fortunately, at this point we already have the rimi@tion needed to discover
confounding conflicts and reconcile naming condlicin chapter 2, we compared
every two LULC categories using lexical semantarsd the similarity reflects how
similar two categories are in text (names and d&sans). Then in chapter 4, we
compared each two LULC categories using remoteirsgnand the similarity reflects
how similar two categories are in terms of actaadl cover status. By comparing the
two results, we could know if LULC categories hamames and descriptions
consistent to their actual LULC status. Inconsisyemisually indicates semantic
heterogeneity, and locating inconsistency is inmgurtto discover semantic

heterogeneities and prevent severe conceptualkessta future applications.
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The inconsistency between LULC categories’ textdinition and actual status
will be captured by calculating the difference bedwSIMsemandSIMgs Table 6.7
listed 10 most inconsistent matches (5 positive mmetgative) for each experiment,
in which the difference is calculated 8B8Virs minusSIMse A positive value means
the two categories in matching in more similar étual status than in text, which may
fulfill @ naming conflict, and a negative value meathe opposite — a potential
confounding conflict, two categories in matchingnore similar in text than in actual
status. A high value represents greater dispagtwéen actual status and text on that

match.

In Table 6.7, we can see many pairs of semantid¢algrogeneous categories
that have been discussed in previous chaptersnGletailed discussions in chapter 2
and 3, we are not surprised to see LULC concepas @ine well known to be

complicated, such as Wetland and Forest, domirthtetist.

Among matches whos&IMgs is higher thanSIMse, Nnaming conflicts can
explain many of those, such as Vehicle RelatedvAes DE to Industrial MD,
Natural Lake DE to Water MD, and Plantation NJ tefgreen Forest MD. Other
matches root in the limitation of remote sensinfere lexical semantic method can
make a finer discrimination. For example, Industalad Commercial Complexes NJ
is matched to Multi Family Dwellings DE due to higtsimilar land cover status
from observation, while their land use is actualliferent. The confusion between
forested wetland (e.g. Coniferous Wooded Wetlandd Atlantic White Cedar
Wetlands in NJ) and forest (e.g. Evergreen Foref®2k) is included in this type of

inconsistency. Surprisingly, remote sensing sawensimilarity in Extractive MD to
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Extraction DE than the lexical semantic method didis results from a drawback of
using latent semantics rather than “real” semanfiesspite their obvious semantic
relation, term extractive and term extraction dd sbare occurrences in current
context and therefore are not considered relatéatémt semantics.

Table 6.7 Difference between Siiland SIMsem

a
DE LULC | MD SIMgs — DE LULC | MD SIMgs —
LULC SIMsem LULC SIMsem
InldSnd Indstrl 0.600 OrchHrt OrchHrt -0.921
VclAct Indstrl 0.555 OthrAgr Brush -0.892
NtrlLk Water 0.546 MixRng MxFrst -0.859
Extr Indstrl 0.482 Wetland Wetland -0.845
OthrAgr FeedOp 0.469 IdleFId Brush -0.749
b
MD DE LULC | SIMgs— MD DE LULC | SIMgs—
LULC SIMsem LULC SIMsem
Extr Extr 0.215 Pasture Pasture -0.834
Wetland MixRng 0.214 Wetland Wetland -0.802
OpenUrb SinFam 0.213 FeedOp Feedlot -0.626
Beach Retail 0.200 Extr VclAct -0.609
Beach BayCove 0.200 OrchHrt OrchHrt -0.549
Cc
NJ LULC |[MD SIMgs — NJ LULC |[MD SIMgs —
LULC SIMsem LULC SIMsem
ICCmplx HighRes 0.978 MxCnF10 | MxFrst -0.335
ConWdWt | EvrgrnF 0.695 MxDecl0 | MxFrst -0.324
Barren Indstrl 0.683 MxBrwtD | MxFrst -0.324
Plant EvrgrnF 0.630 DeciF50 MxFrst -0.319
Extr Indstrl 0.610 MxBrWtC | MxFrst -0.313
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d

NJ LULC |DELULC | SIMgs— NJ LULC |DELULC |SIMgs—
SIIvlSem SIM Sem
Bridge BayCove 1.000 Barren VclAct -0.870
ICCmplx MultFam 0.998 PhrgWet Wetland -0.834
CedarWwt EvrgrnF 0.893 PhrgCwWt | Wetland -0.823
ConWdWt | EvrgrnF 0.783 VegDune Beach -0.772
Plant EvrgrnF 0.759 CedarWt Wetland -0.769

As for matches whosBIMsenis higher tharSIMgs confounding conflict is the
main cause, especially for those involving wetlandorest. Confounding conflicts
originated from different understanding of same I3Jconcepts, and can be too
subtle to be captured by lexical semantic methdthoigh sharing same or similar
names and descriptions, some categories in diffetassification systems have very
different land cover statuses, e.g. Wetland MD &udtland DE, which can be

observed in remote sensing.

This list, again, reminds us of semantic heterogiesein LULC classification
systems that need to be overcome before LULC data flifferent sources become
interoperable. While comparing the textual defon8 of these categories is just
telling one side of the story, remote sensing sgllve as an important second source

to differentiate or reconcile them.

6.5 Conclusions and Recommendations

Textual description and remote sensing are twe@fft angles to understanding
a LULC category, and methods using either one ef tho data sources were
implemented to match LULC classifications. But as ¥ound out in previous

chapters, both methods have limitations. Lexicahagic method is vulnerable to
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semantic heterogeneities, while differentiating sotdJLC categories is simply

beyond the capability of remote sensing.

To overcome the limitations of each method whendual®ne, we took the
advantages of combining the two together. The adgenis two-fold. First, two
methods can be mutually complementary: the misgiages in one can be picked up
by the other, and make the matching more comp&teond, two methods enables

the mutual validation, which is important to sepaiaformation from noise.

Semantic integration aims at determining the retetibetween concepts, which
is based on the measurement of their semanticasitres. The integration of the two
methods can be achieved by aggregating the outpullasties. We first adopted
weighted sum as the aggregating strategy, and amiexng the matching result, we
find weighted sum gives higher f measure than #teebperformed lexical semantics
or remote sensing method alone (10.0% maximum, S8%verage). Benefits of
mutual complementation (9.0% maximum, and 3.7% ®erage increase in
conformance rate) and mutual validation (11% maxmd.3% on average increase
in precision) are both observed in weighted sumiproved matching results, even

without any optimization on weights.

After attempts to optimize weighting by exploringetmods’ input data and
output similarities, we realized better weightirtgpsld involve domain knowledge.
Given remote sensing’s limitation on discriminatimpan land uses, we proposed an
uneven weighting scheme that assigned a highemhiveaghe similarity of semantics
and a lower weight to similarity of remote senswigen matching urban categories,

and kept an even weighting (0.5) to both when matchon-urban categories. The
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performance is slightly improved (1%) under thisigiing in majority of cases,
although exceptions may happen when a LULC clasditn has very few and

simple urban categories, which can be separatddrmemote sensing.

If weighted sum is the straightforward answer te #uestion what is the
integrated matching result, a pool of candidatecired with recommendations is the
detailed answer, based on which human adjustmentording to specific
requirements can be made. Mutual complementatidwda® independent sources
leads to an accommodative scenario, in which trghdri value from the two
similarities is chosen to maximize the completenassl a highly conforming (94%
on average) but less precise (32% on average) mgtcasult is achieved. On the
contrary, in a tight scenario lead by mutual valal® the lower similarity is chosen
to ensure the accuracy, and the result shows apgnggision (78% on average) with
only small sacrifice in the conformance rate (63fbaverage). Either the weighted
sum or a tight scenario achieves improved matctesglts over the Last but not least,
we listed categories with largest differences betwsimilarity of semantics and
similarity of remote sensing. Many semantic hetermpus categories discussed in
previous chapters are on the list, which once agaiminds us of semantic
heterogeneities in LULC classification systems thaist to be overcome before

LULC data from different sources become interoplerab
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Chapter 7: Conclusions and Future Directions

7.1 Reason of Integrating LULC Information

In GI Science, one of a most important interopéitgbissue needs to be
resolved for LULC data, LULC is of vital importantecause of its environmental
impacts on many aspects of the Earth system thoudhe globe (Foley et al. 2005),.
Accordingly, this research aims to address thaaperability of LULC information

derived by different authorities using very diffetelassificatory approaches.

Interoperability is impaired by six levels of haigeneity (Sheth 1999). Among
them, semantic heterogeneity is the main challen§emantic heterogeneity
originated from the different conceptualizationpbiysical existence. Ontology is the
theory of physical existence, and serves as a toagdich heterogeneous semantic

expressions can return. It makes semantic integratssible.

In this dissertation, we adopted Barry Smith’s wiéitbn of ontology as the
representation of universals (Smith 2004). Ingplrg considering LULC categories
as universal, we calculated the similarity betweategories not only by comparing
their semantic expression (e.g. text and semaaxientomy), but also by comparing
their individual parcels, which are directly moméd by modern earth observing

technologies, such as remote sensing.

7.2 Summary of Methodology and Findings

LULC data are described by LULC classification syss. The interoperability
of LULC data depends on the semantic integrationWifC classification systems. A

typical LULC classification system organizes LULGtegories in a taxonomy
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structure, in which each category is defined byma (label) and often followed by a

textual description.

Existing works on semantically integrating LULC sd#fication systems has a
major drawback: it is rather difficult to define rmparable semantic representations
from textual descriptions. To tackle this probleme borrowed the method of
comparing documents in information retrieval, angpleed it to the semantic
integration of LULC classification system. We trieal compare and match LULC
classification systems using lexical informationnt@ned in category name and
descriptions. Our method is based on bag-of-wordslehand cosine similarity
enhanced by LSA or WordNet, and the results sholasge improvement (about

70%) compared to previous feature-based models.

However, this is just solving half of the problebexical semantic methods are
not able to solve the semantic heterogeneities drapg between different
classificatory approaches. In LULC classificatiopstems, confounding conflict
happens when labels and descriptions of two LUL@&gmies seem to represent
same or similar LULC status, but in reality diffete Confounding conflicts are
widely observed in complicated land use concepish ss wetland. Due to variations
in vegetation species and coverage, water tabghhand period, parcels labeled as
wetland in different areas can be way differentatual land cover status. Lexical
semantic methods, however, are easily disguisedabye label and similar concept
description to discover this type of semantic regeneity. The naming conflict

happens when LULC categories under different labefgesent same or similar
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LULC type from observation. Without confirmation thfeir actual land cover status,

lexical semantic method cannot achieve reliablechiag.

To discover confounding conflicts and reconcile magconflicts, we not only
need to know if two LULC categories are seemingffedent or similar, but also one
step forward, we need to know if they are differensimilar in reality, which is why
a method of applying remote sensing to the integrabf LULC classification

systems is important.

Remote sensing is a means of observation on actliaC status of individual
parcels. We calculated parcel level statistics fepractral and textural data, and used
these statistics of parcels from different areas iBVM classifier as training and
testing respectively. Then an extensional simyamieasurement is adopted to
calculate category similarity from parcel level ofas. The matching results showed
this remote sensing based approach fulfilled it@lge to overcome semantic
heterogeneities and achieve more reliable and atrunatching between LULC

descriptions in the majority of situations.

The generality of remote-sensing-based integrandbnLULC classification
systems depends on two factors: the availability applicability of remote sensing
data and the comparability of LULC categories. As data availability, the LULC
classifications in comparison must be in areas ey same/similar type of
remotely sensed data. This explains the reasomsinfjlLandsat data: it has a global
coverage. As for data applicability, remotely sehskata in use must represent a
consistent relation between land cover and refieegtavalues, which means if

multiple scenes are involved, the effects of theasphere, sensor, and sun on land
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surface reflectance must be corrected. The expatsm&iggest our remote sensing
method has the geospatial generality in neighboaiegs. To deal with these larger
areas, the remote-sensing-based method has thetipbte serve as a translation
between classification systems in distant areatsalsrategy of adaptation is needed

to be developed in future works.

The integration method based on remote sensingiitetl by the capability of
remote sensing, which cause 34%-42% non-conformgunoepared to human
evaluation) in our matching result. In order to meene the limitation, we refined the
input data of the integration method to only in@ygharcels that are large enough to
contain 50 or more Landsat ETM+ pixels. The reshltws using large parcels has
increased the conformance rate (9.0% maximum, ane ®n average) and/or the
precision (11% maximum, 4.3% on average) for mastC categories, except for a
few of urban LULC categories that do not have aargé parcels. All major forest
and wetland categories, which are of special isteme environment analysis and
resource management, contain qualified large pmreeld were included in the

matching process.

Moreover, by using only large parcels, we effedtiveefined parcel level
statistics and made a more reliable data represamtaf LULC categories, based on

which the extraction of underlining semantic relas is achieved.

To overcome the limitations of either lexical set@or remote sensing based
method, we combined the two together by aggregdtieg output similarities. We
first adopted weighted sum as the aggregating egfyatand by examining the

matching result, we find weighted sum gives befierformance than the better
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performed lexical semantics or remote sensing naesthane (10.0% maximum, 5.3%
on average increase in f measure). Benefits of ahut@mplementation (9.0%
maximum, and 3.7% on average increase in conforeneate) and mutual validation
(11% maximum, 4.3% on average increase in pregisae both observed in
weighted sum’s improved matching results. Then neo to accommodate human
adjustments according to specific requirements,inmmduced an accommodative
scenario, in which the higher value from the twamikrities is chosen to maximize
the completeness, and a tight scenario, in whiehlolver similarity is chosen to
ensure the accuracy. As expected, a highly confayn®4%) but less precise (32%)
matching result is achieved in an accommodativeazoe, while a high precision
(78%) with only small sacrifice of the conformanege (63%) is achieved in a tight
scenario. In our best experiment, the F measure\gth in a tight scenario (0.75) is
close to that of the least agreed human evaluatibi7). This indicates our

methodology’s effectiveness.

Last but not least, we studied LULC categories Watigest differences between
lexical semantics and remote sensing, many of wiaigh discussed in previous
chapters. This, once again, reminds us of semamtierogeneities in LULC
classification systems that must to be overcomerbeLULC data from different
sources become interoperable and serve as the@ kenderstanding Earth system and

global change.
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7.3 Future Direction — Potential Global LULC Datateroperability

Just recently (June 2001), the Global Land CovetiliBa (GLCF) at the
University of Maryland College Park has launchesl finst global surface reflectance

dataset (GLS SR) based on the Landsat seriesdllitest(GLCF and GSFC 2011).

Retrieved from remotely sensed images, surfaceatafhice is corrected for
atmospheric effects to approximate the reflectguseé above the Earth's surface.
Without any artifacts from the atmosphere or illoation and viewing geometry,
surface reflectance not only provides an accurbgerwation on land cover, but also
largely increases the consistency between remsttged images at different times

and locations.

Surface reflectance has been a standard for MOBLS SR is the very first
global surface reflectance product based on Landat, at a spatial resolution 8

times finer than that of previous MODIS surfacdaettince.

GLS SR will provide “the primary input for essetiifaall higher-level surface
geophysical parameters” (GLS SR website: http://wglet.umd.edu/data/gls_SR/),
and open doors to many new applications, includimg semantic integration of
LULC information introduced in this dissertation. itV GLS SR data’s global
availability and consistency, our remote-sensingedamethod has the potential to
serve as a translation between semantic heterogemégssifications in distant areas,

even they are defined in different languages.

However, it is very possible that LULC status, eitht a continental scale or for

distant areas around the globe, will be too hetmegus to be integrated directly.
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Therefore, in the future we will look for an expems strategy, such that more
comparable classifications from neighboring regishsuld be first compared and
integrated: the integration will then progressivehcorporate more comparable

classifications and gradually grow to a continestadpe.
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Appendices

Appendix |

====MARYLAND CATEGORIES====

Low-density Detached single-family/duplex dwelling units, yardad associated areas.

residential(LowRes) Areas of more than 90 percent single-family/dupdisxelling units, with lot
sizes of less than five acres but at least oneata# (.2 dwelling units/acre {o
2 dwelling units/acre).

Medium-density Detached single-family/duplex, attached single-uioiv housing, yards, and

residential(MedRes) associated areas. Areas of more than 90 percegiedamily/duplex units and
attached single-unit row housing, with lot sizedesfs than one-half acre but
at least one-eighth acre (2 dwelling units/acrg thwelling units/acre).

High-density Attached single-unit row housing, garden apartmentkigh-rise

residential(HighRes) apartments/condominiums, mobile home and trailekpaAreas of more than
90 percent high-density residential units, with entdran 8 dwelling units per
acre.

Commercial(Comm) Retail and wholesale servicesagrnaesed primarily for the sale of products
and services, including associated yards and paeieas.

Industrial(Indstrl) Manufacturing and industrialrgs, including associated warehouses, stofage
yards, research laboratories, and parking areas.

Institutional(Inst) Elementary and secondary schoahiddle schools, junior and senior high
schools, public and private colleges and univesjtimilitary installations
(built-up areas only, including buildings and stgga training, and similar
areas), churches, medical and health facilitiesrectional facilities, ang
government offices and facilities that are cleadgparable from the
surrounding land cover.

Extractive(Extr) Surface mining operations, inchglisand and gravel pits, quarries, cpal
surface mines, and deep coal mines. Status ofitgatactive vs. abandoned) (s
not distinguished.

Open urban land(OpenUrb) Urban areas whose usembegquire structures, or urban areas where pon-
conforming uses characterized by open land haverbedsolated. Included
are golf courses, parks, recreation areas (execepsassociated with schoogls
or other institutions), cemeteries, and entrappgitaltural and undeveloped
land within urban areas.

Cropland(Cropland) Field crops and forage crops.

Pasture((Pasture) Land used for pasture, both penmand rotated; grass.

Orchards/vineyards/horticultureAreas of intensively managed commercial bush amel ¢rops, including areas

(OrchVineHort) used for fruit production, vineyards, sod and skenohs, nurseries, and green
houses.

Feeding operations(FeedOp) Cattle feed lots, hglttits for animals, hog feeding lots, poultry haise

Agricultural building(AgrBIdg) | Agricultural building breeding and training faditis, storage facilities, built-
up areas associated with a farmstead, small famadgoccommercial fishing
areas.

Row and garden crops Intensively managed truck and vegetable farms andciated areas.

(RowGdnCrop)

Deciduous forest(DeciFrst) Forested areas in wthiehtrees characteristically lose their leavedatend
of the growing season. Included are such speciesals hickory, aspen,
sycamore, birch, yellow poplar, elm, maple, andregp.

Evergreen forest(EvrgrnFrst) Forested areas in lwhie trees are characterized by persistent foljage
throughout the year. Included are such species late wine, pond pine|
hemlock, southern white cedar, and red pine.
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====MARYLAND CATEGORIES====

Mixed forest(MixFrst)

Forested areas in which neitHeciduous nor evergreen species dominate
in which there is a combination of both types.

, but

Ut-

Brush(Brush) Areas which do not produce timbertheowood products but may have c
over timber stands, abandoned agriculture fieldgpasture. These areas are
characterized by vegetation types such as sumaes\yvirose, brambles, and
tree seedlings.

Water(Water) Rivers, waterways, reservoirs, pohdys, estuaries, and ocean.

Wetlands(Wetland) Forested or non-forested wetlamduding tidal flats, tidal and non-tidal

marshes, and upland swamps and wet areas.

Bare ground(BareGrnd)

Areas of exposed ground chumsurally, by construction, or by oth
cultural processes.

====DELAWARE CATEGORIES====

Single Family Dwellings(SinFam)

Multi Family Dwellings(MultFam)

Mobile home Parks/Courts(MbIHm)

Retail Sales/Wholesale/Professional Services(Retail

Vehicle Related Activities(VehicleAct)

Junk/Salvage Yards(JunkYard)

Warehouses and Temporary Storage(Warehouse)

Other Commercial(OtherComm)

Industrial(Indstrl)

Utilities(Utility)

Mixed Urban or Built-up Land(MixUrb)

Other Urban or Built-up Land(OtherUrb)

Institutional/Governmental(Inst)

Recreational(Recreate)

Cropland(Cropland)

Pasture(Pasture)

Idle Fields(ldleFid)

Truck Crops(TruckCrop)

Orchards/Nurseries/Horticulture(OrchNursHorti)

Confined Feeding Operations/Feedlots/Holding(Fdgdlo

Farmsteads and Farm Related Buildings(Farmstead)

Other Agriculture(OtherAgr)

Herbaceous Rangeland(HerbRng)

Shrub/Brush Rangeland(ShrubRng)

Mixed Rangeland(MixRng)

Deciduous Forest(DeciFrst)

Evergreen Forest(EvrgrnFrst)

Mixed Forest(MixFrst)

Clear-cut(ClrCut)

Waterways/Streams/Canals(Waterway)

Natural Lakes and Ponds(NtrlLk)

Man-made Reservoirs and Impoundments(Rsrvr)

Bays and Coves(BayCove)

Wetlands(Wetland)

Beaches and River Banks(Beach)

Inland Natural Sandy Areas(InlandSand)

200

er




====DELAWARE CATEGORIES====

Extraction(Extr)

Transitional(Trans)

New Jersey Categories

1110 HighRes
Residential (High Density
or Multiple Dwelling)

This category contains either high-density singhitsuor multiple dwelling
units on 1/8 to 1/5-acre lots. These areas aredfanirthe densely populate
urban zones and generally are characterized byriuiques surface coverage 0
~65%.

= QO

1120 MedRes
Residential (Single Uni
Medium Density)

This category is comprised of residential urbandsbn neighborhood
greater than 1/8 acre and up to and including ti® dots. These areas
generally contain impervious surface areas of ~3%-3

[

1130 LowRes
Residential (Single Uni
Low Density)

This category contains single unit residential hbayhoods with areas greater
than 1/2 acre up to and including 1l-acre lots. €ha®as generally contajn
impervious surface areas of ~20-25%.

1140 RurlRes
Residential (Rural
Unit)

Singl

o sparsely populated

This category contains single unit residential hbmyhoods with areas
between 1 acre and up to and including 2-acre [biiese areas generally
contain impervious surface areas of ~15-20% or. [€bss type is found in
regions surrounded by or adjaden forested of
agricultural lands. Also included are estates oreno sub-divisions with
large lot sizes providing a density less than araédo 1 dwelling unit pe
acre. Impervious surface areas in the more rutiihge can be as low as 5%

1150 MixRes
Mixed Residential

The mixed residential category is used for an avkare various residential
uses occur and the individual uses cannot be degaest mapping scale (1
acre). Where more than 1/3 intermixture of otherdential use or uses occurs
in a specific area, it is classified as mixed restihl. Where the inter-mixtures
of other residential land use or uses total lean i3 of the specified area, the
dominant land use category is applied. Imperviau$ase coverage in these
areas can vary significantly.

1200 Comm
Commercial and Services

o

Areas that contain structures predominantly usedhe sale of products ar
services are classified as Commercial and Servitée main building,
secondary structures and supporting areas sucarkisig lots, driveways and
landscaped areas are also placed under this cgtdgoiess the landscaped
areas are greater than 1 acre in size in which tb@seare put into a separgte
category). Sometimes non-commercial uses such sidergial or industria
intermix with commercial uses making it difficutt tdentify the predominant
land use. These categories are not separatedudyif they exceed 1/3 of th
total commercial area, the Mixed Urban category) {($6ised. Often, specifi
uses of some commercial and services buildings atabe easily identified
from photography alone. Some supplemental inforomais required. Thesg
areas generally have a high percentage of impes\datface coverage. Any
the specific uses listed below may be includech# 1200 category, with the
exception of Military Installations which are dedmted separately under the
code 1211.

O D

1211 Milit
Military Installations

Included in this category are portions of formelitaniy installations, that have
been de-commissioned and sold. New developmertiesiet areas has not yet
begun, so particular use can be determined fronphiosography. Many of the
undeveloped portions of these former military sitesy remain as preserved
undeveloped open space. Developed areas may heveteged for other uses.
However, in all cases, the new intended use idisaiernible from the latest
available photography, or other ancillary data.

1300 Indstrl
Industrial

This category encompasses a great variety of steidypes and land uses.
Light and heavy industry are comprised of land usksre manufacturing,
assembly or processing of products takes placeePgeneration is included
here because of its similarity to heavy industrigede areas generally have a
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high percentage of impervious surface coverage.

The transportation, communication, and utilitiesdaises are often associated
with the other Urban or Built-up categories, bué aften found in other
categories. However, they often do not meet mininmiappable size and ate
considered an integral part of the land use in Wwhiey occur. The presencge
of major transportation routes, utilities such asvage treatment plants and
power lines, power substations, and communicathailifies greatly influence
both the present and potential uses of an areaseTamas generally have a
high percentage of impervious surface coverage.

1400 Transp
Transportation/Communica
tion/Utilities

Major roadways include limited access highways titcally contain at least
two lanes in each direction, separated by a coadvatrier or median strip.
There are usually no cross streets or traffic figlaind access is limited {o
ramps. Included in this category are service (resBas, right-of-ways,
interchanges, maintained hillsides, other servied terminal facilities ang
portions of local roads. Examples are interstdteS, highways and freeways.
Limited access highways are characterized by 'digmand ‘clover-leaf
patterns of ramps, crossroads intersecting via npadees or overpasses, and
the lack of adjacent residential, commercial orustdal development with
direct connections to the highway. Limited acceighways right-of-way are
often bounded by fences or drainage paths.

1410 Road
Major Roadway

Bridges over water are characterized by havingifstgimce in the delineation

1419 Bridge of watercourses flowing below. Any bridge or pontiof roadway constructed
Bridge Over| over a mappable open water body has been identiet characterized as
Water(WATER) water. Although the bridge surface is imperviolg, structure does not impact

or alter the impervious nature of the water flowirejow.

Airport facilities are characterized by the presermf long, linear runway
surfaces and adjacent areas cleared of vegetatidnother obstructions.
Typical moderate to large-sized airports contaimajpel primary runways

1440 Airport smaller parallel taxi strips, intervening land,caaft parking aprons, hangairs,
Airport Facilities terminals, service buildings, navigation aids, faglrage areas, parking lots,
and limited buffer zones. This category also inelicheliports and land

I

associated with seaplane bases. It does not incitige built-up land of smal
airports.

Included in this category are rights-of-way thaisexn former wetland areas,
and which still exhibit evidence of soil saturatiom the photography. Because
of alterations associated with creating the rigifteray and the periodi¢
clearing, these areas may not support the typiagairal wetland vegetatiop
found in adjacent unaltered natural areas. They, nieywever, support
shrubby forms of the surrounding vegetation. Theytbwever, exist in areas
shown on the Natural Resources Conservation Sesoddesurveys to have
hydric soils, and exhibit the darker tonal signastuassociated with saturated
soils on the photography. Colors of these aredsvaily generally from blue
gray to black on winter CIR film and dark gray tadk on panchromatic film,
Textures will generally be smooth to slightly rouddpending on whether the
dominant vegetation is low herbaceous speciedler &hrubs.

1461 WtindWa
Wetland Rights-of-
Way(WETLANDS)

(o

Included in this category are Rights-of-Way in unola that exist in develope
areas. These areas looked well maintained, usimathowed grass, but are npt
part of adjacent land use. It should include aradmcent to urban g
1462 UpldwaD agricultural areas but not visibly used in conrmttwith any agricultural of
Upland Rights-of-Way| urban land use. They may contain access roads avel & clear separatig
Developed from surrounding land use. Because of alteraties®aated with maintaining
these portions of the rights-of-way, these areag moa support typical natura
vegetation. Textures will generally be smooth doethhe lack of low
herbaceous species or taller shrubs.

=

>

202



New Jersey Categories

1463 UpldWa
Upland Rights-of-Way
Undeveloped

Included in this category are Rights-of-Way in upla that usually exist in
undeveloped non-urban areas. They typically supglrtibby forms of the
surrounding vegetation, which may be periodicallyt or mowed back
Because of alterations associated with creatingities-of-way, these areas
may support the natural vegetation found in adjaoealtered natural areas.|It
should also include areas adjacent to agricultarahs but not visibly used in
connection with any agricultural or urban land ubextures will generally be
smooth to slightly rough depending on whether thidant vegetation is low
herbaceous species or taller shrubs.

1499 StrmBas
Stormwater Basin

This category consists of stormwater managemeimdas areas identified gs
serving the function of a surface water collectsite. They are typically
associated with new commercial and residentialsarBaey may contain water
and show varying degrees of management or vegetatio

1500 ICCmplx
Industrial and Commercid
Complexes

The Industrial and Commercial Complexes categocjuates those industrial
and commercial land uses that typically occur togebr in close proximity
These areas are commonly referred to as 'Industri@dommercial Parks.' Th
major types of business establishments locateleset planned industrial al
commercial parks are light manufacturing, admiatsbn offices, research ar
development facilities, and computer systems comagarlso found here ar|
facilities for warehousing, wholesaling, retailimgnd distributing. Industria
and Commercial Complexes are usually located iruhdan or rural areas.
The key identifying feature is the planned layotibaildings exhibiting the
same or very similar construction. Other identifyfieatures include well ke
lawns and landscaped areas, ample parking areasc@ndon roadways$
connecting buildings that also provide access t@mntaghways. The lack of
smokestacks, storage tanks, raw materials or fisproducts, and wasie
signifies that no heavy industries are present.séha&reas generally have
high percentage of impervious surface coverage¥%s)&ihd some may be yp
to 100%.

— D aogp®

—

1600 MixUrb
Mixed Urban or Built-up
Land

This category includes those urban or built-up sufea which uses cannot be
separated into individual categories at the mappoale employed. Areas are
identified under the mixed urban category when mdnan one-third
intermixture of another use or uses is evidentsWsmsidered in mixed urban
include  primarily residential, commercial/service,industrial and
transportation/communication/utility. Not includéd the category are areas
considered part of a definable commercial stripdascribed under 1202. In
addition, open land that could be classified foy agricultural use would ngt
be included in the mixed urban category. Level @Gisibns of the Mixed
Urban category involve separating the mixed aresed on the predominant
use in the intermixture, if one is evident.

1700 OthrUrb
Other Urban or Built-up
Land

urban areas. Some structures may be visible, abeincase of abandoned
residential or commercial sites that have not yegrbredeveloped. The land
cover in these areas may be brush-covered or grdssge, managed
maintained lawns common to some residential awad,those open areas
commercial/service complexes, educational instahiat etc., are als
included. Undeveloped, but maintained lawns in mrparks are also part ¢
this category, if a specific recreational use is exident. In addition, area
that have been partially developed or redevelopgdrdmain unfinished ar
included. Cemeteries were included in this categord986 & 1995, but werg
separated out for 2002.

Included are undeveloped, open lands within, adjat® or associated Wit{

=+
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1710 Cemet
Cemetery

These areas represent large tracts of primarilywdaed within urban areas.
Large cemeteries can be identified by layout ofelsiays, lots, mausoleums
and marking stones. Cemeteries associated with| stoahs, individual
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churches or family estates may not be easily iflehte. Supplementa
information is often needed to identify these seratemeteries.

These areas represent large tracts of primarily dged within urban or rura

I
1711 WtCemet areas on Ian_d identified as wetland. Large cenexteran be identified _by
layout of driveways, lots, mausoleums and markingnes. Cemeteries
Cemetery on - . Cn .
Wetland(WETLANDS) asspmgted Wlth small towns, |nd|y|dual churchesﬁammny estate; may not be
easily identifiable. Supplemental information isesf needed to identify these
smaller cemeteries.
1741 Phrg This category contains urban areas where the comraeed, Phragmites
Phragmites Dominate australis dominates. The photographic signaturethsse areas are rough and
Urban Area puffy and range in color from tan to silvery palbite.
Included in this category are former natural wetlaneas that now are part pf
an altered managed landscape, but which still éxkigns of soil saturation
on the imagery. These areas do not support typiedhnd vegetation, but are
1750 MngWtld A :
vegetated primarily by grasses and other plantegetedion that may be
Managed  Wetland ; . L
e routinely mowed. Examples of this category wouldnteintained open lawns
Maintained Lawn Green - . . - .
space(WETLANDS) and storm wat.er swales in r¢3|dent|al, commerm.a!hdestrlaI areas. None of
the wetlands included in this category are rouirielindated, although the
swales may be on occasion. These altered wetlaxgsa@ areas shown on
the US Soil Conservation Service soil surveys teehaydric soils.
Under this category are included those areas while been specifically
developed for recreational activities, if theseaar@are open to the general

1800 Recreat
Recreational Land

public. Any facilities that are part of a resortrgdex and open only to patro
of the hotel or motel are not mapped under cate@Bryut under Commerci
and Services category. Facilities mapped as regrshtand may charge us
fees to the public, such as public golf courses;tleey may be free to th
public, such as ball fields on public school grosindevel Il divisions of this
category involve identifying the predominant reti@aal uses of the areas.

ls
I
or

1804 Athlet
Athletic Fields (Schools)

Included in this category are a variety of recial facilities which are no
part of established parks, such as baseball figklmis courts, basketbs
courts, and playgrounds. These may be associatbdsahiools. Industrial an
commercial firms, or a community housing developten

1810 Stadium

Stadium Theaters CulturalSuch facilities are primarily commercial, althougbme public recreatio

Centers and Zoos

public use. Stadiums, outdoor concert halls, racks (horse and car), driv
in theaters, amusement parks, and zoos are thenrifacilities involved.

areas may be found. Not included are similar féedli on private property
such as horse tracks within private farms, thatogren to the public. Parkin
areas, driveways, and support buildings are mapp#s category.

Included in this category is any entertainmentlifgcthat is developed for

1850 MngWitRe

Managed Wetland in Built
up Maintained Reg
Area(WETLANDS)

Included in this category are former natural wetlaneas that now are part
an altered managed recreational area, but whi¢hestibit signs of soil
saturation on the imagery. These areas do not sugppical wetland
vegetation, but are vegetated primarily by grassekother planted vegetatic
- that may be routinely mowed. Examples of this catggvould be saturate
portions of golf courses, and fields used for balend other sports i
designated recreation areas. None of the wetlarudisded in this category ar
routinely inundated, although portions may be omas®n. These altere
wetlands exist on areas shown on the US Soil Ceaden Service soi
surveys to have hydric soils.

2100 CrpPstr
Cropland and Pastureland

This Level Il category contains agricultural lamdanaged for the productio
of both row and field crops and for the grazingcaftle, sheep and horse
Also included in this category are croplands leftdw or planted with soi
improvement grasses and legumes. Cropland andrpksid can easily b

=]

(%]

distinguished from other land uses with large-saakegery.
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Included in this category are lands under cultivatinat are modified forme
wetland areas, and which still exhibit evidence sofl saturation on the
photography. These lands will exhibit the textusa@nature characteristic

214.0 Agriwet described for the other agricultural categorieg, Wil have darker color an
Agricultural Wetlands . . . )
tonal signatures. Colors will range from blue-gtaylack on winter CIR film
(Cranberry  Farms & d dark black h ic fil sdd. th ultural
Modified and dark gray to black on panchromatic film. In iidd, these agricultural
Uplands)(WETLANDS) wetlands also exist in areas shown on soil surafythe Natural Resourcegs
P Conservation Service to have hydric soils. In tB@2 update all Cranberny
farmland have been combined into this code, regasdbf the presence of
water.
This category was added to identify areas code2ild® in the baseline data
2150 FmAgrwit set, but which do not appear to be under activivetion in subsequent years.

Former Agricultural
Wetlands (Becoming
Shrubby not Built-
up)(WETLANDS)

These areas have not undergone any other altesaanh as filling, gradin
or development, and may again be returned to th&D dategory if the
farmland is again place under cultivation. Howevilrese wetlands ma
continue to develop into a scrub/shrub wetland #raative cultivation is not
resumed. As areas in a state of flux, they have been a separate code.

2200 OrchHrt
Orchards
Nurseries Horticultural
Areas Sod Farms

Vineyards

This Level Il category contains agricultural areaghich are intensively
managed for production of fruits, trees, ornamemtants, and vegetab
seedlings. Wholesale greenhouses where plants@amn@re also included i
this category as are orchards, nurseries, cranifemnys and blueberry farms
vineyards, sod and seed farms, and commercial goeses. Areas delineated
include actively cultivated lands as well as lasdaxiated with the operatiorrs

e
h

2300 FeedOp
Confined
Operations

Feeding

as, uncultivated lands, dirt roads, dikes, etc.
This Level Il category contains specialized livegt@nd poultry productio
enterprises and other specialty farms. These dpesahave high populations
in relatively small areas, resulting in a conceitraof waste material. Sin
this concentrated animal waste is a critical emuimental concern, these argas
warranted a specific Level Il category. Normal staues [barns] associated
with a farmstead are not mapped in this category.

2400 OthrAgr

This category contains other miscellaneous agricallt areas, including

Other Agriculture experimental fields, horse farms and isolated déabaccess roads.
This category contains deciduous forest standshiénes crown closure greater
than 10%, but less than 50%. Crown closure is #regmtage of a forest area
. occupied by the vertical projections of tree crom@wn closure percentages
4110 DeciF10 . : . ;

) provide a reasonable estimate of stand densityodrar estimate of percent
Deciduous  Forest  (Low I [ de while viewing the area starepically. The oculaf
Crown Closure) crown closure is made while g pically.

judgement is a reliable estimate since the catedevgls for closure are
relatively broad: 10-50% and > 50%. This procedwuilealso be followed to
determine percent crown closure in the other catego
4120 DeciF50 This category contains deciduous stands with cralasures greater than
Deciduous Forest (High50%. The majority of the deciduous forests in Nexwsdy will be in thig
Crown Closure) category.
This category contains natural coniferous standis eriown closure> 10%, but
less than 50%. Context: This Level Il category s forested lands whigh
contain coniferous tree species. The stand mufObfeet high and must be
4210 ConiF10 stocked by at least 75% conifers to be labeled asomiferous stand.
Coniferous Forest (Low Coniferous species are those trees commonly kn@mevargreens. They do
Crown Closure) not lose their leaves (needless) at the end ofgtbwiing season but retaijn
them through the year. Conifers can easily berdjsished from deciduous
trees on wintertime color infrared photography leseaof their high infrared
reflectance due to their leaf retention.
4220 ConiF50 This category contains natural coniferous standb wiown closure > 50%.

Coniferous Forest

(High Context: This Level Il category includes foresteahds which contain
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Crown Closure)

coniferous tree species. The stand must be 2igletand must be stocked by
at least 75% conifers to be labeled as a conifestarsd. Coniferous species

are those trees commonly known as evergreens. dhieyt lose their leaves
(needless) at the end of the growing season bainrétem through the year.
Conifers can easily be distinguished from deciduoess on wintertime color
infrared photography because of their high infrareflectance due to thejr
leaf retention.
This category contains conifer stands that have letficially planted. These
include stands planted for timber harvesting ortretics. Crown closure
4230 Plant estimates will not be determined for plantationanBations appear as uniform
Plantation blocks (usually rectangular) of conifers.Other pdghstands of conifers, such
as Christmas tree farms, will not be included is ttategory but in the nursery
category under Agriculture.
This category contains stands of mixed coniferous deciduous trees with
4311 MxCnF10 . i .
. the coniferous species > 50% and with crown clasbetween 10% and 50%.
Mixed Forest (More i . . .
. X Context: This category contains stands of mixedifeosus and deciduous
Coniferous  with  Low . L .
Crown Closure) trees. The percentage o_f conlferous.trees is hl'g‘rarr the deciduous (>50%
of the stand) but the coniferous species do notiniat® the stand (<75%).
This category contains stands of mixed coniferous deciduous trees with
4312 MxCon50 . ) . R |
. the coniferous species > 50% and with crown claser&0%. Context: This
Mixed Forest  (More X . )
. . -~ | category contains stands of mixed coniferous anciddeus trees. The
Coniferous  with  High [

Crown Closure)

percentage of coniferous trees is higher than th&ddous (>50% of th
stand) but the coniferous species do not domiteestand (<75%).

4321 MxDec10
Mixed Forest
Deciduous with
Crown Closure)

(More
Low|

This category contains stands of mixed deciduowb amiferous trees wit
the deciduous species > 50% and crown closuresekeetvi0% and 50%.
Context: This category contains stands of mixedidieris and coniferou
trees. The percentage of deciduous trees is htgharthe coniferous (> 50%
but the deciduous species do not dominate the $taif%).

2

4322 MxDec50
Mixed Forest
Deciduous  with
Crown Closure)

(More
High

This category contains stands of mixed deciduouk amiferous trees with
the deciduous species > 50% and crown closures %. S0ontext: This|
category contains stands of mixed deciduous andfetons trees. The
percentage of deciduous trees is higher than thdecous (> 50%), but th

deciduous species do not dominate the stand (<.75%)

D

4410 OldFId
Old Field (Low
Covered)

Brush

D

This category includes open areas that have less 26% brush cover. Th
predominant cover types are grasses, herbaceodiespeee seedlings and/
saplings. Old fields are distinguished from inaetfarmland (2130) by th
amount of brush cover. If a field contains few wpaiems (<5%), it shoul
be placed in the inactive farmland category. Araaskould be placed in th
Old Field category if the amount of brush coveruiegs extensive brus
removal before plowing. In some cases, it may rotebtablished that th
previous use was agricultural. Context: BRUSH/SHRBWRD

O
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4411 PhrgOld
Phragmites Dominate Ol
Field

d

U7y

This category contains open fields where the commeed, Phragmite
australis dominates. The photographic signaturethfzse areas are rough a
puffy and range in color from tan to silvery palénite. Context: Brush
Shrubland

4420 DecBrsh
Deciduous
Brush/Shrubland

an
2d
it

This category contains natural forested areas @éttiduous species less th
20 feet in height. An area must have greater & Brush cover to be place
in this category. This category also contains inactagricultural areas tha
have been grown over with brush. There are phoptca signature
differences between brushland and the pole or gaber stage tree
(Categories 4100, 4200, 4300). Besides the obvieight difference visiblg
on stereo viewing, larger trees display much largewn diameters tha
brushland areas.

2

4430 ConBrsh

This category contains natural forested areas edtfiferous species less than
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Coniferous 20 feet high. This category is for natural arehsrefore, Christmas tree farms
Brush/Shrubland should be placed in the Nursery category (223).
4440 MxBrush This category contains natural forested areasthess 20 feet in height with p
Mixed mixture of coniferous and deciduous trees.
Deciduous/Coniferous
Brush/Shrubland

Included in this category are naturally vegetatgldd areas which have been

4500 BrUpInd
Severe Burned Uplan
Vegetation

dvegetation that will re-appear in the burned afiéee pre-burn cover type may

altered by intense burning. These burned areas hmete re-vegetated
sufficiently on the photography, or at the time @afy field inspection
undertaken to support a mapping effort, to maketarchination of the type df

be any of those listed above in the 4000 serieseré/bufficient re-vegetation
has occurred to determine a post-burn cover tymebtirned area is given the
appropriate land cover code. However, where thgegetation has begn
insufficient, the 4500 code has been applied. Mo many different uplangd
forest types may be included in this category.

5100 Stream
Streams and Canals

This category includes river, creeks, canals ahérdinear water bodies that
have a minimum width of 80 feet. For watercoursggriupted by contrg
structures, the impoundments are placed in otherogpiate water categorigs
(see below), and the impoundment structures areided in the Urban of
Built-up category. Remote sensing of these featisre®t difficult. Colors on
infrared photography range from light blue to blaakd on the black & white
photography the tones range from medium gray tokbl@he signature can he
smooth or rippled depending on the conditions attifme of the photography.
The greatest difficulty occurs when overhanging etatjon or shadows

obscure the extent of the watercourse.

5200 NatLake
Natural Lakes

Water bodies larger than three acres that are losviAlg and naturally
enclosed, including regulated natural lakes butughcg reservoirs, are place
in this category. Islands less than three (3) aaresncluded in the water are
To identify this feature accurately, it is importdn remember natural lakes
are the results of ground water seepage and surteceff of precipitation,
whereas reservoirs are the result of man-made ingoents and ar
maintained primarily by linear watercourses. Renggasing of this feature,
once again is simple. The signatures and attengiatilems are discussed
under category 5100.

SN

D

5300 Rsrvr
Artificial Lakes

Artificial impoundments of water larger than thr€8) acres used for
irrigation, flood control, municipal water suppljeecreation, landscaping and
hydro-electric power or the result of an active raetive operation are
included in this category. Dams, bulkheads, spilsvand other water control
structures should be evident and are critical fmrusately identifying thes
features. Also important to remember is that aitifilakes and reservoirs afre
charged primarily through linear WCs. Photo idéadifion should key on th
non-linear shapes of these features, the waterraostructures, and the
signatures discussed in category 5100. All watesemsirs supporting
cranberry operations will be included; however, evawvithin dikes will be
included in the agriculture codes for the 2002 uw@da

D

1%}

5410 TdIRiv
Tidal Rivers Inland Bays
and other Tidal Waters

Included in this category are the tidal portionsaaitercourses, enclosed tidal
bays, and other tidal water bodies such as tidalspgoonds and natur
lagoons. The tidal watercourses may include evergtfrom smaller entirel
tidal features commonly draining tidal marsh systeto the tidal portions

intermediate and large features such as the Mullivar, the Raritan River,

and even the Delaware River. Enclosed tidal bagstlamse open water tidal
features existing commonly behind barrier islandstems. These bays
generally have a restricted opening to larger tfdatures such as Delaware

207



New Jersey Categories

Bay or the Atlantic Ocean. While these featuresrageillarly flushed, portions
of these enclosed bays may have complex flushiritenpa due to the
relatively small outlets. These small bays providgortant finfish, shellfish
and waterfowl habitat, as well as important recoeat potential. Tidal pool$
and ponds generally will be found in the interiargons of regularly flowed
tidal marshes, but these water bodies themselvgshotabe flooded on every
tidal cycle.

5411 TdIBay
Open Tidal Bays

Included in this category are large tidal wateribedsuch as Delaware and
Raritan Bays, which have large unrestricted openitigectly to the Atlantig
Ocean.

Artificial dredged lagoons are networks of rectdagudredged areas

containing water, usually associated with resid¢rdievelopment or mobile
5420 Dredge L il
Dredged Lagoon home development._Dredged lagoons are gene_raﬁyee of former we@land;
and have characteristically bulkheaded shorelifégy usually feed into a
central dredged waterway that gives access to tig@nwater.
5430 Ocean This category includes only open water off areathefAtlantic Ocean. (It was
) added to identify open ocean offshore waters frbose of tidal bays and
Atlantic Ocean : '
rivers for water quality analyses).
6111 SIMrsh This category contains herbaceous vegetation ddedngby Sparting
Saline  Marshes (Low alternifloria where the height is <1 foot and isnmarily flooded throughout
marsh vegetation) The photographic signature for these areas rangelan from blues to red.
6112 SIMrshV This category contains herbaceous vegetation ddednby Spartina patens

Saline  Marshes
marsh vegetation)

(High where the height is 1 foot to 3 feet. The photob@apignature for these areas

range in color from red to pink or pale white.

6120 FrMrsh
Freshwater Tidal Marshes

These marshes are co-dominated by annual and p&reharbaceous
vegetation on substrates associated with tidal reatéh salinities less than
0/00. Freshwater marsh species are characterizédupiiar lutea, Peltandn
virginica, Pontederia cordata, Zizania aquaticdydrmum punctatum, Biden
laevis, and Typha latifolia. Marshes exhibitingsthbver are found on the tidgl
Delaware River and tributaries downstream of TrerftnSalem and upstream
of the saline marshes on the Atlantic drainage matgses. Non-tidal marshes
are listed under interior wetlands. The photograignatures for these arepas
are both smooth-and rough-textured with little aléan. The colors range
from dark grey to pink on summer infrared phototysap

ISIRC RN

6130 VegDune
Vegetated
Communities

Dune

> Rhus radicans, Juniperus virginicus, and Acer mibrGhe areas have open

These are areas near the coast that are betwéea selrsh and open beagh.
The dominant vegetation can be Ammophila breviggl Prunus maritimus,
to
partly closed canopied signatures that are rougbxture and exhibit a red to
red brown color on summer infrared photographs.

6141 PhrgCwt
Phragmites
Coastal Wetlands

Dominat

This category contains saline marsh areas whereamenon reed, Phragmites
australis dominates. The photographic signatunethfsse areas are rough and

e puffy and range in color from tan to silvery paléitg. Freshwater wetlands

will have a cowardin code present in the attribmdsle saline marshes will
have no cowardin code.,

6210 DecWdWt

These wetlands are closed canopy swamps dominatedetiduous tree
normally associated with watercourses, edges ofshmear and isolate
wetlands. The important canopy species includesr Acdrum, Nyss
sylvatica, Fraxinus pennsylvanica, Salix nigra, @us bicolor, Q. phellos,

Deciduous Wooded falcata, Liquidambar styraciflua, and Platanus @euotalis. These species

Wetlands combine to form a series of mixed hardwood lowlaathitats throughout the
entire state. These species have photographictsigsathat exhibit height,
rough texture, and are dark blue-gray to dark gralylack on winter infrared,
and gray to dark gray on panchromatic film.

6220 ConWdWt These wetlands are closed canopy, dominated byferons tree species
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Coniferous Woodeq

Wetlands

associated with watercourses, seeps, and low tapbgr land. The northerp
areas will support Tsuga canadensis, Larix laricimad Picea mariana as
monotypic stands or mixed communities. The soutpertion of the State has
Pinus rigida and P. taeda in monotypic communitieso-dominate with Acef
rubrum. Other species such as Nyssa sylvatica dram@ecyparis thyoides
may also be present. These species have photogragnatures that are
varied in texture and are red to dark red on wiiterared film and dark gra
to black on winter panchromatic film.

6221 CedarWt
Atlantic ~ White
Wetlands

Cedar

These wetlands are predominantly closed canopgpsadly flooded wetland
of southern New Jersey dominated by Atlantic Whitdar, Chamaecypar
thyoides. Some other trees such as Acer rubrumNyssa sylvatica, an
shrubs such as Vaccinium corymbosum may also keepteThe dense ced
cover, however, generally precludes a heavy hetheckyer.

=T

6231 DecBrwt
Deciduous
Wetlands

Scrub/Shru

band woody shrubs such as Vaccinium corymbosum, &tratarpon, Spire

This brush category will include communities comgmbrimarily of young
samplings of deciduous tree species such as Ademumy A. negundo
Liquidamber stryaciflua, Alnus serrulata, Cornugdatifer, and C. amomumn;

js2

alba, Viburnum dentatum, Rosa palustris, Myrica negtvania, M. gale
Clethra alnifolia, Cephalanthus occidentalis andodRidendron viscosun
among others.

6232 ConBrwit

This brush category will include communities comgubprimarily of young

samplings of coniferous tree species such as Rigids, Larix larcinia, Tusga

N

Coniferous SCrUb/Shruacanadensis;, and Picea mariana, and shrubs sudhaasa€daphne calyculata,
Wetlands : .

and Kalmia angustifolia.
6233 MxBrwtD Included in this category are brush and bog weHawnith a mixture of
Mixed Scrub/Shrulj deciduous and coniferous species, with the decislspecies > 50% but
Wetlands (Deciduous 75%. Species will be similar to those describedenr@®31 and 6232.
Dom.)
6234 MxBrwtC Included in this category are brush and bog weHanith a mixture of
Mixed Scrub/Shrulj deciduous and coniferous species, with the conifergpecies > 50% but
Wetlands (Coniferous 75%. Species will be similar to those describeden@®31 and 6232.
Dom.)

N

6240 HrbWtNT
Herbaceous
(Non-Tidal)

Wetland

S

These are wetlands dominated by various herbacepesies that are not
connected or associated with tidal waters. Lakeegdgpen flood plains and
abandoned wetland agricultural fields are locatifmnghis cover type. Leersia
oryzoides, Phalaris arundinacea, Nuphar lutea, géolym arifolium, P,
sagittatum, Typha latifolia and Phragmites are gethat may dominate th
cover type. Bog herbaceous vegetation will be cadday this section include
numerous Cyperaceae genera, Juncus sp. and thivocaus genera o
Drosera and Sarracenia. This cover type will havsinailar photographic
sighature as 6120, varied texture, and light bl @r tan color on winte
infrared and light gray on the panchromatic phatpr

n un

f

r

6241 PhrgWet
Phragmites
Interior Wetlands

Dominat

e puffy and range in color from tan to silvery palditg. Freshwater wetland

This category contains fresh marsh areas wheredimmon reed, Phragmite
australis dominates. The photographic signaturethfsse areas are rough a

(%)

will have a cowardin code present in the attribmdsle saline marshes will

have no cowardin code.

6251 MxFrwtD

Included in this category are brush and bog weHawnith a mixture of

Mixed Forested Wetlandsdeciduous and coniferous species, with the decilepecies > 50% but
(Deciduous Dom.) 75%. Species will be similar to those describeden®31 and 6232.

6252 MxFrwtC Included in this category are brush and bog weHanith a mixture of
Mixed Forested Wetlandsdeciduous and coniferous species, with the conifergpecies > 50% but <
(Coniferous Dom.) 75%. Species will be similar to those describedenr®31 and 6232.

6500 BrndWet Included in this category are naturally vegetateztland areas which have
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New Jersey Categories

Severe Burned Wetlands

been altered by intense burning at the time ofidinel cover analysis. Thes
burned areas have not re-vegetated sufficientlyhenphotography, or at th
time of any field inspection undertaken to suponapping effort, to make
determination of the type of vegetation that wétappear in the burned are
The pre-burn cover type may be any of those listealve in the 6200 serie
Where sufficient re-vegetation has occurred to rdgtee a post-burn cove
type, the burned area is given the appropriate leover code. Howeve

S U9 ® 0

a-

where the re-vegetation has been insufficient 68@0 code has been applig
Note that many different wetland types may be idetliin this category.
Beaches are predominantly composed of sand andotay at the land-watgr
7100 Beach . .
interface of oceans, bays and estuaries. Beackegeaerally elongated non-
Beaches ; ; )
vegetated buffering systems subject to the actiomawes and tides.
7200 BrGrnd Areas lacking vegetation and composed of rock ok ffaces are included in
Bare Exposed Rock this category. Exposed rock from highway constarcis not included in thig
Rockslides etc. category.
Extractive operations include a wide variety of m@activities, both surface
and subsurface. Included are stone quarries, graged and clay pits, and
limestone quarries to mention a few. Extractiveustdes are characterized by

7300 Extr
Extractive Mining

disturbed ground usually with depth, extractive hiaery, buildings ang

roads for and with heavy equipment. Open miningaargequently contain
water. Extractive mining areas may be large asestpmarries or small as

borrow pits.

7400 AltLnd
Altered Lands

Altered lands are areas outside of an urban setimtghave been changed due

to man's activities other than for mining.

7430 DstrbWt
Disturbed
(Modified)

Wetlands

Included in this category are former natural wetkathat have been altered
some form of clearing, leveling, grading, fillingdlor excavating, but whic
still exhibit obvious signs of soil saturation dmetimagery. Because of tf
alterations, these areas do not generally supppital wetland vegetation
and may in fact be unvegetated. They do, howewist i areas shown on th

US Soil Conservation Service soil surveys to haxdrib soils, and exhibit the
darker tonal signatures associated with saturatbdd en the photography.

Colors of these areas will vary from gray to blueygto black on winter CIR
film and gray to black on panchromatic film. Theseas may be in transitig
to a use or associated with a transitional devetygm

7500 Transi
Transitional Areas (site
under construction)

srealized. Included are residential, commercial andustrial areas unde

This category encompasses lands on which site @eépa for a variety of
development types has begun. However, the futund lzse has not bee

construction. Also, areas that are under constmctor unknown use an

abandoned structures are included. These areasuaaby sparsely vegetated.

7600 Barren

Undifferentiated barren lands encompass cleareds|@mat have no apparent

X . site preparation or any indication of past actdgti Such areas vary in sha
Undifferentiated Barrer : : ; : .
and size but generally possess little vegetatiappging the soil or surface
Lands : ; . X 2 P
material only. Ancillary information also gives imalication of former uses.
Appendix I
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