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Abstract

The aim of this study is to model and predict the process of udi@mzin
Chiang Mai, Thailand using Geographical Information SystenS5)Y@nd remote
sensing (RS). The SLEUTH model is utilized to simulate lamdcoser change from
1952 to 2006 and to predict the patterns of urban extent in 2016. This [sapeses
the ROC curve and the landscape metrics to evaluate the acaur&tyUTH by
comparing two simulating periods. The result shows that the dimmlperiod will
impact the predicting accuracy to some degree. In addition, the |pedsoetrics

verify that SLEUTH can reflect the urban growth mechanism and its trend.

1. Introduction

Since the mid of the twentieth century, land use/cover change has become a heated
issuearoundthe whole world (Lambin, 2001). With the development of the economy
and society, the extensity and intensity of land cover changediéonde severer
Among the land use studies, the simulation and prediction of urbanizabicesprare

imperative and highly underscored. Modeling is essential for zinglyespecially for



prediction of the dynamics of the urban growth (Clarke & Silva, 2002)pii2esome
failures in the history of modeling land use, there was a aase in the last two
decades since the data quality and availability were improamtythe computing
ability was greatly enhanced (Lee, 1994). Large quantities of Immed®erged in this
period; these models included the agents based models, micro-simoiatiefs and
cellular automata which show great potential and capabilitgpoesent land cover
(Dietzel & Clarke, 2006). In the meantime, some models were devetoperecast
the future land use condition to evaluate and assess different land use policies.

The great improvement in geographical information science brougtdt g
opportunities for the land use models in terms of the data colleatimgration as
well as spatial analysis. Among most of the land use mode8s,t€&ihnology is
indispensable in the whole procedures. It provides great foundatiorapadildy to
handle the land use change tendency from spatial and temporal @uglése other
hand, with the development of spatial and spectral resolution in rerapsng,
remote sensed images provide invaluable data source for landic@éme series,
enforcing the accuracy in land use models.

Among the predicting models, at least six major methods could lokinigbe
simulating process. Equation based model is the model relies oibeqguoil of the
demand and provision factors. This kind of method needs to find some specific
theoretical background such as the economic or employment status tot ghppor
equation (Kaimowitz, 1998). The second one is statistic based modél mdrimally

utilizes the statistical method to find out the affecting dect Hu (2006) applied



logistic regression to model urban growth in Atlanta MetropolitanaAf2ynamic
simulation of socioeconomic factors could be incorporated into this méthedhird
type is system dynamics model which represents land use condiiiog different
eqguations and linking them together by some specific functio8simonovic, 2003.
The next one is agent-based model. This kind of model uses autonom@isndec
making agents who interact with environment and other agents to tplaalicuse
(Dawn et al, 2001). Agent-based model simulates the autonomous dyelodvi
different objects and considers their actions and cooperation withs atherder to
achieve goal (Parker, 2003). Cellular automata (CA) is anotherrfudvgenulation
tool which assumes land system is self-organized, heterogeneduvased on
neighboring rules. Spatial effect is highly taken into account asdnikethod can be
used to simulate the temporal dynamics. The last one is hylmii@l combining the
previous mentioned models to reflect both natural and socioecononocsfactthe
whole process.

As the preceding description implied, there are different tygesiodels and
consequently, according to different situations, selecting the prometel for
analyzing is crucial. Considering the essence of the developrhéhé city, it is a
heterogeneous and self-organized process in which local or neighloonmponents
might interact with one another. Consequently, cellular automai Was highly
emphasized and has been widely used in urban sprawl mechanism,hadrgnaind
urbanization effect (Batty, 1999). CA is one kind of models that osglylocal

transformation rules to simulate the complexity in the spatiaéldping patterns.



Among cellular automata, SLEUTH model has been used successfudiyntilate
many cites in the past. It has been used to simulate the wataniprocess in
Baltimore, Washington corridor (Clarke & Gaydos, 1998), Lisbon andoPiort
Portugal (Clarke & Silva, 2002), San Joaquin County ( Dietzel & €|a2R06) and
so forth. SLEUTH is an acronym for Slope, Land Use, Exclusion, Urbdent
Transportation, and Hillshade. This model consists of two parts: ambeas growth
model (UGM), mainly used to deal with the urban extension; another gbart
SLEUTH, which is called Deltatron, can encompass the land uaerdéte model,
further dividing the urban region into different categories. SLEWAS first widely
used in America, and then, some regions in Europe were predictbis byodel as
well. With respect to Asia and Africa, not so many cases haveedtSLEUTH to
make prediction. A model successfully used in one particulardes not mean it
can be properly used in other places (Clarke & Silva, 2002). Inienidas the
parameters obtained from SLEUTH model reflect the pattern edtrof the
development of the city, some scholars referred these paranastdhe “DNA of
cities” (Caglioni & Pelizzoni, 2006). In view of it, this paper will detectthdlA” of
Chiang Mai, using it to predict the future land use condition.

A mathematical method called Relative Operation CharatiteROC) analysis
originated from statistical theory in the middle of the twehtieentury, then, it was
successfully used in the medical judgment. ROC mainly tadkéeproblem in terms
of binary variables versus ordered variables. Pontius (2001) firgty thés statistics

in the land use change evaluation and achieved great accomplishmeii2008)



used ROC curve statistics to evaluate SLEUTH model in Sheny@higa and
introduced this method to assess the accuracy of SLEUTH model.

Landscape ecology is a discipline which focuses on a largecarand which
composes various ecosystems. Landscape ecology underscores thestspatiae,
agent interaction, coordination and compatibility and dynamics. Some stuaive
employed spatial metrics in urban landscape (Gustafson, 1998). Stneses found
that spatial metrics offered improved representation of urbanizatidnprovided a
link between the physical landscape structure, functionality and ga@ansley &
Barr, 1997).

The calibration in SLEUTH is the most crucial part which detees) the
accuracy and prediction effect in the whole procedure. As a,rasamy studies have
been done with regard to the calibration. Xian and Crane (2005) uselklpara
computing to simulate the dynamics and complexity in Tampa Banualea; they
compared different Monte Carlo iteration times to test thmuracy of the result.
Dietzel (2006) explored that disaggregating oversimplified urban/non-urbannda
distinct land use classes can make great contributions to the@ccddowever, few
studies paid attention to the calibration accuracy in terms efitiberval and change
complexity, whichare correlated witto what extent the SLEUTH model can capture
the feature in long period simulation. In this paper, it discussesethgonship
between the situations in different time intervals and thediption accuracy. ROC
and landscape metrics were used to quantify it. At last, this pefpeorecast the

future urbanization condition in Chiang Mai city to 2016.



2. Material and Methods
2.1 Study Area and Data

The Chiang Mai study area is located in the northern part ofahkawhich
covers 2,415 ki The latitude of Chiang Mai ranges from 18°32’ to 19°05'N and its
longitude is between 98°48 and 99°22’E. It encompasses the administistivets
of Muang, Mae Rim, Hang Dong, Saraphi, Sansai, Sankamphaeng and DiqiF&ake
1). In the last 50 years, Chiang Mai underwent a rapid urbanizatoegs and large

rural area was converted into the urban land (Sangawongse, 2006).
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Fig. 1 Study area, Chiang Mai city in Thailand
This study utilized several dataset from different sourcesydima) GIS digital
data, satellite images, topographic maps and ortho-photo images.1Talnnmarized

the Chiang Mai spatial and temporal data, dating back from 1952 to 2008. Fig

shows the data used in the model.



Table 1
Spatial data source

Dates Data types Sources
1952 Topographic Map Royal Thai Survey Department(RTSD)
1:50,000 scale
1977 Analog Land Use Map Department of Land Development(DLD)
1:100,000 scale
1985 Landsat MSS TRFIC, Center for Global ChangkEarth Observation, USA
1989 Landsat-5 TM TRFIC, Center for Global Change Barth Observation, USA
1989 Digital vector GIS Department of land develeptThailand (DLD)
2000 Digital vector GIS Multiple Cropping Centehi@ng Mai University, Thailand
2006 Digital vector GIS Department of land develeptThailand (DLD)
Feb. 22,2004 ASTER image USGS/EDC

1952 1977 1989 2000 2006

Urban Extent

Road Layert

Slope

Hill shade

Excluded Layer

Fig. 2 Vector and raster data converted in GIF format for study area

2.2 Data processing

After collecting all sorts of raster and vector data, some gduves need to be
done to meet the requirement of the input data. As for the restay tthe digital
images were geo-rectified to correct the geometry distoftlea.some spatial control

points collected by GPS on the ground to do the geo-rectificatiom, Tuse the



unsupervised ISODATA (lterative self-organization data algonithim classify

different clusters on the images and examine the result ofldksification result,

repeating the previous steps when necessary. In this stadywks differentiated as
agriculture land, forest, urban and built up land, water body and mrseella land.

Resample the classified images and project them in uniform cotedigatem. For
the vector data, such as the road layers, similarly, gedicatbn was done in the
beginning. Then, road hierarchic rank was identified, such as the higmaa road

and path need to be differentiated in advance. Both raster and veetoreddtto be
converted into GIF which is mandatory format in SLEUTH model.

The input data in SLEUTH model compose at least four urban exyens Jawo
transportation layers, two land use layers (mainly for Deltotmmael), and each
slope, excluded and hillshade layer respectively. To meet the relgtarement,
Chiang Mai dataset consisted of urban extent layers in 1952, 1977, 1989, 2000, 2006.
For each year, the resolution was resampled as 200m, 100m and 50m which
correspond to the image size 355 by 346, 670 by 691 and 1340 by 1383. The slope
map of Chiang Mai was created from Digital Elevation ModdEND, which was
achieved from ASTER image. Hillshade image was developed direotty DEM
that was used as the background image when outputting the image to ethigance
visualization effect. Excluded layers are defined as the area which hmitgdwth of
urban. In this study, it comprised the water body, nature reserve, pubén space
and so forth. In the excluded layer, area suitable for growtla lpasel valued zero

and values ranged from one to 255 embody the banned area for urban sprawl.



2.3 Methods

SLEUTH simulates four types of urban expansion: spontaneous groexh,
spreading center growth (diffusive growth), edge growth (orgagiowth)
road-influenced growth and they are controlled by five growth aeffiis: dispersion,
breed, spread, road gravity and slope (Table 2) (Dietzel, 2007).r8i@pés used to
randomly select the potential new growing cells. Breed mearggdleh of the urban
centers from spontaneous development. Spread determines the old arbzaw
centers sprawl and additional growth. The newly urbanized cellsirgyoaiong the
transportation network will be detected by the road-gravity vaigklbpe represents
the effect of this kind of terrain which reduces the probability of urbanizationashe |
one, excluded layer is the layer that resists any developmdmnwiie excluded
boundary. To run SLEUTH model involves three stages, testing, calibratd
prediction. Testing is the process inspecting whether the irgiat abnform to the
required format. As each coefficient has a value ranged fromtaet00, to find the
best fit and specific value is the purpose of calibration.b@alon utilizes the ‘Brute
Force’ method and is subdivided into Coarse, Fine and Final stagelditiom,
SLEUTH includes thirteen metrics to test the accuracy ofstimilation process.
(Table 3) (Dietzel, 2007) Among the thirteen metrics, LeeSadtke index is the only
one which can reflect the space matching and was widely used in the previous studie

Coarse calibration covers entire value range, from zero to 100, amiiciy the
interval of 25 was chosen as the step. The value range in thefimaion depends

on the result of coarse calibration which has the best threendegadlee indices. The



fine stage further narrows down the parametric space. In tte stage, five

coefficients are obtained which will be used in the prediction phHdeate Carlo

iteration is able to find the best fit parametric set. Howeaves,the large quantity of

model circulation times that entails great amount of time émhecalibration stage.

The parameters obtained from the calibration phase can be uswédast the land

use condition in certain year.

Table 2

Parameters controlling the SLEUTH Model.

Parameter

Description

Diffusion value

Determines the overall dispersif¢he outward distribution

Breed Coefficient

The likelihood that a newly geated detached settlement will start on its ownagino

cycle.

Spread Coefficient

Controls how much contagiofudibn radiates from existing Settlements

Slope Resistance

Influences the likelihood of tgwaent on steep slope

Road Gravity

Attraction factor that draws newlsetients towards and along roads.

Source: Dietzel, 2007
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Table 3

Thirteen metrics used to reflect the accuracy

Name Description

Product All other scores multiplied together

Compare Modeled population for final year/actugpylation for final year

Pop Least squares regression score for modelecdiindb@n compared to actual urbanization for
control years

Edges Least squares regression score for modebed edge count compared to actual urban edge ¢
for the control years

Clusters Least squares regression score for modeleth clustering compare to known urban cluste
for the control years

Cluster Size Least squares regression score fdelad average urban cluster size compared to krseerage
urban cluster size for control years

Lee-Sallee A shape index, a measurement of sditiaétween the model's growth and the known urban
extent for the control years

Slope Least squares regression of average slopaddeled urbanized compared to the urbanized
cells for the control years

Urban Least squares regression of percent of dlailgrid cells urbanized compared to the urbani
grid cells for the control years

X-Mean Least squares regression of average x-viauenodeled urbanized cells compared to aver|
x-value of known urbanized control years

Y-Mean Least squares regression of average y-viauenodeled urbanized cells compared to aver|

age
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y-value of known urbanized control years

Rad Least squares regression of average raditie afrcle which encloses the urban grid cells

F-Match A proportion of goodness of fit across laisé classes

Source: Dietzel, 2007

In this study, two time periods were selected to test the texinpogcision of
SLEUTH simulation sensitivity. One is from the year 1952 to 2000 (cakpdrinent
one in the later part of this paper), and the other one dates back 9o 2006
(called experiment two). There are data overlapped in thres yetrese two groups
and can be used to compare the simulation effect. As shown inghedse, urban
extent data in 1952, 1977, 1989, 2000 and transportation layer in 1952 and 1977 were
picked as input dataset. In the second experiment, it removed theudg@5 extent
data but integrated the 2006 one, as for the transportation lagegrohip employed
the road data in 2000 instead of the one in 1952.

In order to interpret the results, two approaches, ROC curve aau$dape
metrics were used to further analyze them. In the ROC asalis¢ predicted
urbanized and non-urbanized cells were compared with their coumderpdne real
land use condition. The time period from 1989 to 2000 was selected tthéest
accuracy since this time interval covered both trial groups. Ten lphtypaanges
were specified by SLEUTH model, which mean the probability tbattain
non-urbanized cell might be urbanized. In this study, 10, 20, 30, 40, 50, 60, 70, 80, 90,
100 ten percentile intervals were selected as the thresholds. aduamding to the
thresholds, ten predicted layers were overlapped with the real wHaarea. Record
the number of correct and incorrect cells and then, import the oaaSPSS to

analyze the ROC curve.
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This paper also used landscape metrics to evaluate the intebealized
structure. The landscape metrics reflect the land featuleae tevels, namely patch,
class and landscape. Patch metrics are the micro indices takieleach cell into
account. Class metrics are calculated for each patch typédnanast one, landscape
metrics are used for the entire mosaic space. Fragstatspublic spatial metrics
program, which was developed in the mid-1990s (McGarigal et al., 2002). This
software incorporates a large variety of metrics. In thislys Largest Patch Index
(LPI1), Euclidian mean nearest neighbor distance (MNN), Landscapee Shdex
(LSI), Patch Density (PD) were selected to evaluateithalation. Table 4 describes
each metrics this study used in details (McGarigaletal, 20@2).chn reflect the
dominance in one region, which can show the uniformity of the landscdgl. iM
the index used as the opposite to the LPI, which reflects thenetdragmentation.
LSl is selected as the index because of its abilityustiiate the shape complexity in

the area. The overall density of the land use condition can be detected by the PD.

Table 4
Spatial metrics used in this study
Metric Description Units Range

LPl-Largest | LPI equals the areafn of the largest patch of thePercent 0<LPI £100
Patch Index | corresponding patch type divided by the total amzered by
urban (M), multiplied by 100 (to convert to a percentage)

MNN-Euclid | MNN equals the distance (m) mean value over allanrbMeters MNN>0,
ian Mean| patches to the nearest neighboring urban patctedbas No Limit
Nearest shortest edge-to-edge distance from cell centeeltaenter.

Neighbor

Distance

LSI-Landsca | LSI equals the total length of edge (or perimebevplving | None Lsi 1

pe Shapeg the corresponding class, given in number of ceifases,
Index divided by the minimum length of class edge (orimpeter)

possible for a maximally aggregated class.
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PD-Patch PD equals the number of patches in the landscagded by | Percent 0<PD £100
Density total landscape area (m2), multiplied by 10,000 466 (to
convert to 100 hectares).

Source: McGarigaletal, 2002

max{ g
LPI :’:1—()(100) (1)
A
In Equation 1, ameans the area of patch ij. ‘A’ means the totaflézape area @n

e
mine

LSl =

(2)
In Equation 2, emeans the total length of edge of class i in teofsumber of cell
surfaces.
(w)

ENN_ MN=-2— 3)
In Equation 3, jmeans the distance (m) from patch ij to nearaghhering patch of
the same type, based on patch edge-to-edge distemrgputed from cell center to
cell center. nmeans the total number of the patches.
P =%(1oooQ( 100 (4)
In Equation 4, pmeans the number of patches in the landscapedi pge i.
‘A'means the total landscape aregfm

In this study, the land use patterns for two growfkin the overlap years were
analyzed by four different landscape metrics sepbta

According to the result of this study, if futurenthuse condition confines in a
short period, SLEUTH model can achieve high acgurkor this reason, 2006 was
selected as the base year to simulate the urbamzatocess in the future ten years.

By using the five coefficients from experiment twbe urban extent from 2007 to

2016 was demarcated in the result. Landscape meire also used to demonstrate
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the internal mechanism of the land use change.

3. Result
3.1 Comparison for the calibration results

According to the calibration result, slope valuesraviow in both experiments.
This was the evidence that from 1952 to 2006, tbpesfactor did not impact the
urbanization largely. In addition, there was aatiince in the diffusive coefficient, the
group which dated back to 1952 had a low diffusigkie but the later one achieved a
high value. The reason probably lied in that frdma imid of the twentieth century to
1980s, the development of the Chiang Mai city waa tontinuous way, not so many
discrete urban center developed. However, aftel0498ere was a tremendous
diffusive and discrete area sprawling outward. Bisthe transportation factors, the
coefficient in the experiment two was higher thha first group, which means the
transportation was crucial in the urbanization pes; and much new urbanized area
was developed along the road. This result coinciétd the fast development in

recent transportation system. Table 5, 6 showehelt of the calibration.

Table 5
Calibration result for experiment ranges from 1852000

| Dispersion | Breed| Spread| Slope| Road Growth

Coarse Calibration

Range 1-100 1-100 | 1-100 1-100 1-100

Step 25 25 25 25 25

Monte Carlo Iterations=4

Lee and Sallee statistic=0.2542
Pop statistic=0.8182

Clusters Size=1

Fine Calibration

Range 1-25 1-25 75-100 1-25 1-75

Step 5 5 5 5 15

Monte Carlo Iterations=6

Lee and Sallee statistic=0.14913
Pop statistic=0.3453

Clusters Size=1

14



Final Calibration

Range 1-5 1-5 80-90 5-10 1-50

Step 1 1 2 1 10

Monte Carlo Iterations=8

Lee and Sallee statistic=0.12577
Pop statistic=0.74053

Clusters Size=1

Final Coefficient Number 1 | 2 | 88 ‘ 5 ‘ 31

Table 6
Calibration result for experiment ranges from 1872006

| Dispersion | Breed | Spread| Slope| Road GrowtH

Coarse Calibration

Range 1-100 1-100 1-100 1-100 1-100

Step 25 25 25 25 25

Monte Carlo Iterations=4

Lee and Salllee statistic=0.27677
Pop statistic=0.1928

Clusters Size=1

Fine Calibration

Range 1-25 75-100|] 50-75 1-25 50-75

Step 5 4 5 5 5

Monte Carlo Iterations=6

Lee and Sallee statistic=0.22871
Pop statistic=0.15904

Clusters Size=1

Final Calibration

Range 9-14 95-100f 70-75 1-11 50-60

Step 1 1 1 2 2

Monte Carlo Iterations=8

Lee and Sallee statistic=0.21238
Pop statistic=0.992

Clusters Size=1

Final Coefficient Number 13 | 100 | 73 | 3 ‘ 52

As for the metrics, this study mainly used the bed Sallee as the criteria to set
the value interval in the calibration stage. From tesult, the Lee and Sallee value in
the second group is higher than the first one sdhange from coarse calibration to
final calibration seems to be less drastic thanfitise group. It proves that the latter
group captures the feature of the urbanizationge®detter than the first experiment.
However, the Pop statistics is relative lower thanfirst group in the coarse and fine
calibration stages.

From the result of the ROC analysis, in the firgspeximent, there are 580
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positive values and 5597 negative values in the RD&lyzing data set, the Area
below the curve is 0.705 which is the evidence thatsimulation result is acceptable.
As to the second group, there are 1628 positiveegand 5889 negative values, and
the area below the curve is 0.733. If the ROC vahberpreted as 0.5, it means the
simulation result is completely random and if tladue equal to 1, it shows perfect fit.

A score between 0.7-0.9 is acceptable and iflawser than 0.7, then, precision is not

enough. From ROC curve analysis, the latter greuyetter (Fig. 3).

ROC Curve range for 1952-2000 ROC Curve range for 1977-2006
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Fig.3 the comparison for the ROC curveaia conditions

In the landscape metrics test, each matrix in X&#&9ns to be more accurate than
the one in 2000 since it approximates to the reed segments. As to the Patch
Density, it is a fundamental index for testing thied use condition. According to the
Fig. 4, the density of the urban area increasedtlgrérom 1977 to 1989 and the
speed decreased from 1989 to 2000. In this médtrex,second experiment captures
the feature of the urbanization better than th& fyroup. The landscape patch index
can reflect the dominance of the landscape. Whewalue equals to 100, that means
the entire landscape consists only one type asdype comprise 100% of the whole

area. In the prediction result, the LPI exceeds ribed value which means the
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spontaneous growth is less captured in the sinomlgirocess. And also, the second

group is more approximate to the true value. Tharest neighborhood index

embodies the adjacency between patches. This calueshow the fragmentation of

the urban region to some degree. From Fig. 4,ithalation result captures this trend

well. The distance between different patches deeseas time passes. The landscape

shape index provides a way to measure the aggnesktbe patches, in the result, the

shape index increases from 1977 to 1989 and tleenedses slightly which means the

shape becomes irregular in general as time develops
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Fig. 4 Four landscape indices for two experiments
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According to the urban extent in 2006, using theffi@ents from experiment

two, this paper predicted the land use conditioth@2016 (Fig. 5). The patch density

in 2016 increases which means the urban area edbine denser than before. The
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Largest Patch Index increases further, which iseidence that the dominance of
urban area will still be intensified. The Landsc&¥epe Index increases to 51.5876,
which demonstrates that patches for urban cellb aggjregate than previous ones.
The last one, nearest neighborhood index refléeutban region will become even

more compact than before and the distance betwiéferedt patches will be closer.

Fig. 5 The predicted urban area in 2007 (left) 2086 (right)

4. Conclusion and Discussion
4.1 Temporal Accuracy

Compare to the previous studies, the Lee and Salétdcs are not high enough
in both experiments which mean the spatial matchiagree is limited. From the
ROC and landscape metrics analysis, experimentigwaetter than its counterpart.
Thus, the time period in the SLEUTH is one of ttportant factors. This study also
extracted the Lee and Sallee metrics from prevstudies; table 7 lists some Lee and
Sallee metrics which can be found in the literat@®mce some scholars did not list
their Lee and Sallee in their papers or they did umee this matrix to evaluate

SLEUTH model, only seven values were found. A semphear regression was
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analyzed using Lee and Sallee as independent \@aidalol time period as dependent
variable. From the eqation y = -0.0089x + 0.7737= R.758, it can be concluded that
with the development of time, the Lee and Salle&imwill drop slightly, As a result,

if the simulated year spans a long time, it is hardchieve high accuracy. Actually,
the longer the simulated time spans, the more mdosly the land use changes.
SLEUTH may encounter some obstacles when facingtiddand use change. Besides,
if the simulated period covers a long time, theanibation process can be quite
complex. One example could be the shrink of thg &LEUTH model considers the
spontaneous, diffusive, edge growth and road inflted growth. All the coefficients
only control the growth phenomenon. But what if soarban area degenerates or
shrinks, this model may feel impotent to deal wiithn this study, from 1989 to 2000,
although large area was urbanized, some area isdimt west Chiang Mai shrank.

As a result, it is hard for SLEUTH to capture tkiisd of feature.

Table 7

The Lee and Sallee data in the preceding studies

City Start year End year Leesallee | Span

Beijing 1991 2004| 0.61033 13
Hangzhou 1991 2005 0.59 14
Porto 1975 2000 0.57 25
Baltimore Washington 1986 2000 0.67 14
Californiag Santa Barbara 1988 1996 0.74 8
Houton 1974 2002 0.53 28
Taiwan 1990 2000 0.71 10

4.2 Accuracy Evaluation Approaches
In this study, the ROC curve statistic and thedtmape metrics were used to

evaluate the accuracy. ROC was introduced intdaih@ use study by Pontius (2001),
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followed by some scholars using this statistic valeate the logistical regression
model (Hu, 2007). ROC is a prominent test methadioary model; it can detect the
sensitivity for the land change models. Insteadaohflyzing the model in an
aggregated way, this statistic can measure theaogin different threshold level, the
more the threshold sets, the higher the accuragyaohieve. But in the meanwhile,
the magnitude of computation will also increasenfiis et al., 2003). In this study,
ROC curve statistic was utilized to compare theueaxy for two groups, and in both
groups, results are acceptable. ROC is a macngtagtathich is able to measure the
entire sensitivity, but it cannot evaluate the gpanhatching relationship. In other
words, to capture to detail simulating effect ig tiee advantage of ROC analysis.
This is the reason that why landscape metrics welled into this study to verify the
spatial change characteristic. Wu (2008) used dhddcape metrics to evaluate the
SLEUTH accuracy in Shenyang, China and it demotestréhat these metrics were
powerful weapons to appraise the accuracy. Ingtidy, land use change from 1977
to 2000 was analyzed by different metrics. It waslent that SLEUTH can grasp the
characteristic of the land use change in a larggegealthough sometimes appeared
some discrepancies. When the simulated periodtlina short time or the land use
condition does not undergo a drastic change, tHelUSIH model can achieve great

consistency.
4.3 Accuracy Metrics

In SLEUTH model, there are thirteen metrics to apg® the accuracy in the
stage of calibration. In the studies before, vagiowetrics were used to control the

accuracy. According to different metrics, the pagtim set may differ from any other
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to a large extent. Some scholars used differenticsedr the combination of various
metrics to determine the goodness of fit. Jantalet(2004) used the compare,
population, and Lee and Sallee statistic in Wasbmggaltimore metropolitan area,
while in Atlanta, Yang and Lo (2003) used a weightem of all the metrics to judge
the best parameters. So far, there is no certdiri@o to choose proper evaluation
metrics. Although the Lee and Sallee matrix is ablenspect the spatial matching
degree, to achieve high Lee and Sallee index iseasy and sometimes impossible.
Only when the land cover changes slightly can taisie be very high. Using some
combination of the metrics to appraise this modednother topic which needs to be
further discussed. As with two experiments in gtigdy, although result in the second
group seems to be more accurate, the Pop statistiost high enough, even lower
than the first group. As a result, to evaluaterttagel using different statistics might
lead to distinct results, which should be awarasdhe simulation process.
4.4 Manual Control

The parametric set obtained from automatic calitnaslightly deviated from the
real condition. One alternative is to change themedification value. SLEUTH also
has a self controlling function called ‘self-moddtion’ (Clarke et al, 1997) which
allows the coefficients change according to themgng speed. This mechanism is
designed to simulate the rate of the urban growtthat the model can realistically
reflect the different speed of the sprawl. Whenrtite of the growth exceeds a certain
threshold, the coefficients will be multiplied byfactor greater than one, to simulate

the boom cycle. Likewise, when the rate of the tgwaent falls below a specified
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critical threshold, the growth coefficients will maultiplied by a factor below than
one. Without this self-modification, SLEUTH willraulate in a linear way (Jantz,
2004). However, sometimes even using the self-neadibn still cannot satisfy the
optimum parametric set. As a result, another aéra is manually modifying the

five coefficients according to the real urbanizateat.

4.5 The status of Geographical Information Syst&i$) and Remote Sensing (RS).

In SLEUTH modeling, many stages in this model nigsedsupport from GIS and
remote sensing. In the data collecting stage, rereehsed photo is absolutely ideal
data source. In that reason, a series of remot@ngetechnology will be utilized to
prepare required data. In addition, a variety aftoebased data need GIS to calculate,
modify, classify and convert. In the evaluatiorgstaGIS is indispensable to compare
spatial match extent, extract the urbanized celldifferent probabilities, visualize the
outcomes and so forth. Consequently, to integtatse three components, GIS, RS
and land use simulation tightly might be one of shaly directions in land use/cover
change research.
4.6 Suggestion for Improvement

As mentioned before, SLEUTH model consists of twastg urban growth

model (UGM) and Deltatron. In this study, The Detia model was not incorporated.
Some previous studies presented that disaggregatibgn and non-urban land
information into different categories in Deltatroodel could make a different in land

simulation effect (Dietzel, 2006). Therefore, solaed use layers will be classified
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and incorporated into the Deltatron model in théofeing research. Besides, Monte
Carlo iteration times is another factor which maapact the simulation effect. In this
study, four, six and eight times were set to cqafsee and final calibration
respectively. According to the study carried outXign (2005), these Monte Carlo
iteration times are in the fluctuating stage. Iattheason, if the computation power
permits, higher Monte Carlo iteration times will &t in the future study.

Due to the intensive computation requirement, thest resolution is 50 meter.
Although this resolution is acceptable comparedht previous studies, to test the
accuracy impacted by the spatial resolution, somer fresolution is needed. In this
study, only two time periods were compared, to @aoethe conclusion, some other
urban extent layers and transportation layersfiergint years need to be analyzed. In
another word, some spatial and temporal consideratiill be emphasized in the
future study.

Since SLEUTH model expresses great superiority vagpect to traffic, terrain,
urban heterogeneity, it can simulate the urbanepativhere these features are
dominant. However, the development of urban reganprocess which combines the
geophysical and human socioeconomic factors togethé both macro and micro
scales should be considered. Therefore, the SLEWIBHel itself seems impotent to
be versatile in all aspects. As a matter of fdaohoat all of the models are not able to
deal with all the factors which impact land useng®a Regarding to this issue, two
camps of studies that analyze the land use chaaigerp are always compared with

each other. One is top down method, representeéldebgpatial regression models and
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eqguation based models, which attempt to find thpndaiving forces first, and then,
using them to predict the future land change. Ttierogroup is bottom up model
which focuses on the local relationship between nlegghboring cell and their
interaction. SLEUTH model is one kind of bottom wvmodel. To compare the
difference of the two camps of models and to furtihderstand the pros and cons of
the SLEUTH model, using a control group which corftem the top down camps is
significant and necessary. For these reasons, pers@ame other models could be
added and make a comparison between them. By dmingot only the top down
models will be analyzed in this context, but theeptial relationship might be

detected as well.
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