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Abstract: Thailand a developing counyr in Southeast Asiais experiencing rapid
development particulaly urban growthas a response the expansion ofhe tourism
industry. Hua Hin city provides an excellent example af area where urbanizatidvas
flourished due totourism This study focuses onhow the dynamic urban horizontal
expansionof the seaside city oHua Hin is constraind by the coast, thusnaking
sustainability forthis popular tourist destinati@nmanaging and planning for its local
inhabitants, its visitors, and its sifesan issueThe study examines the association of land
use type and land use change by intéggaBecoInformation technologya statistic model
and CAMarkov analysidor sustainabldand use planningThe studyidentifies that the
land use typeand land use changes from the yE299 to 200$havechangedas a result of
increasedmobility; this trend, in turn, has everything to do withurban horizontal
expansion The changingsequences of land use type halevelopedrom forest area to
agriculture from agriculture to grasslandthen to bare land and builp area
Coastalurban growthhas for a decade beenexparling horizontallyfrom a downtavn
center along the beach to tiwestern area around the golf cegithe ®uthern area along
the beach, theouthwesigrasslandirea andthenthenorthern area nedheairport.

Keywords: land use changerban expansiorCA-Markov modeling




Sustainability 2013, 5 1481

1. Introduction

In responsedo rapid growth and urban sprayihe main citiesof developing regiongften have
manytall buildings for both residence and commercial functidgt®wever, ciesin coastal areaare
particularly difficultin terms ofplanning due tothe constraintof the area along the beactvhich is
limited andextremelyexpensive.There has beea great deal ofesearch about urban systemmschas
simulations of urban fornthe monitoring of urban growth, and exploratiors of a diverse range of
urban phenome@afrom traffic simulation and regionaicale urbanization to langse dynamics,
historical urbanizationgxamirations of how edge cities form, and urban developmentliuding
location analysi$l].

The problem of city management and strategic decision makidgeizoout-of-date information
both spatial (land use type, site and location of places and network transportations) -apdtiabn
(economic growth rate, trading, service, developfan, mental healthgzc.). Traditional techniques
such as mapping and ground surveyang timeconsumingln addition the informatioris notupdaed
often enough for urban dynamics under globalizatiespeciallyfor the commercial city sourism
industy or for the industrial city which hasrapidy increasing population migrations, automobiles,
residences and other building constructidrige increasing development of urban areas demands more
information for surveying, storing, analyzing and planningnf various sourcesA powerful
implementation for urban planning is remotely sensed, @atandamental data collection technique
that hels generate the pattern and visualizatiomofirban model andives arealistic presentation of
the real world.The computer modeling hedpto support the plannebecausethe spatial decision
supportsystems (SDSS) estimate the trend of urban groaghwell as the land use change around
their local areasuch as ira municipality unit.Importantly, the GIS technologynd its modeling
statistic are usefuh estimaing the rate or ratio of change$the rapid process.

Land use and land cover change is a major variable of global change that affects ecological
systens[2]. Land use and land cover change affect wasterwair pollution, local climate changad
solid wasteandtheymay also affect the public healtfithe next generation of land users

Since the adaptation of the National Economi
urban areshave rapidly expanded3]. Many citieshavesurpassedhe population growth factor and
the industrial factor forcesncluding policy planning.However,HuaHin city is different becausdor
100 years, it was used asoyal recreatioal location;peoplethereforetrustit to besafeandcdm, and
have agood atmosphere for tourssConsequentlyT h a i | fissihgdlfécgurse and first fiwstar hotel
appearedn HuaHin[3].

According to tourism statistsfrom the year 2008, HuHin hadthe higheshumbe of tourist visit
on the westernside of the @If of Thailand. Thereis anincome r&e of around329 US Dollar
(Figure 1). The internal tourism table has showhat the growth rate of theisitors increasd
by +73.94%. This statisticalso indicates that the tourism indysitn HuaHin is boomingand powerful
enough to force the cidy growth eventhoughthelocal population of HuaHind soastal urbamegion
hasnot changd significantly. However it alsoillustratesthat the buikup area and many construction
areas are expending because of the gr@ivithe tourism industryIn total, 2,439,159 visitors came to
Hua Hin in the year 2007and the average length of stasas approximately 2.35 days pgerson
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Thus, the rapid increase tife amount ofaccommodation and eeeational sitegn order tosupgy the
touristsisone expl anation[3for the cityds growth

Figure 1. Income from tourism industry of Western Thailand
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The study area ithe seaside cityf Hua Hinin the province oPrachuaKhiri Khan. It is located
between latitude12°26 N and 1238 N and longitudes 9%4' N and 10000 N. It hasa total areaof
6,367.62 kr (636,762hectares). Prachudghiri Khan provinceis famous in Thailand becausésithe
longest (distance 244 km) and narrowest coastal plain of Thailaghdas several resources inciugl
the sea, beads waterfals, and mountairs. Hua Hin District is 838.96 krfy while the Hua Hin
municipality, where the core study arés coversan area 0f86.36 kni. There are 35 communities
within the HuaHin municipality(see Figure) [3].

A report fromthe Hua Hin municipality office indicates that the increasing population has been
caused mainly by immigration due to economic growth andstparsion of educational institutions.

If we combine the population figures from the statsstrom the Office of Tourism Development to
recalculate the density of people per area, it is 46,972.13 people per square kilométessamh
enormous increasa population forsuch dimited area and may affect the capacity of the city, such as
the network transportation, public services and infrastructure, especially during the holiday season.
In addition, Hua Hin has been a popular recreation place in Tidaita 100 years because the King

and his family often visit Hua Hin, considering it the best recreatitotation in thecountry.
Therefore, people visit Hua Hin because of its safetyn s@aand beautiful beach. Hua Hin is also a
pollution control area according to the National Environmental Board No. 13 (k886an area that

is covered by environmental protection measures by the Ministry of Natural Resources and
Environment Act 20003,4].
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Figure 2. Studyarea: HuaHin municipality and its communities.
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Sustainable land use is of critical importance as we consider how to balance the needs of a growinc
population with the desire to protect our natural resources and envirofghérttis papepresens an
analysis of urban growthrends.Sustainable land use plansevill be able to us¢he model to display
the growth directionirend,as well ago discovethow much the dynamic of land use change adfinet
place andts people.Landuse planning is the systematic assessmfphysical social, and economic
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factors in such a way as to encourage and assist lansl ins&glection options that increase their
productivity, are sustainabland meet the needs sdciety p].

The ellular automata model is a powerful tool to explain the directidmoazontalurban growth
by using a lattice structure, statgpace, neighborhoods, times and transition rules of pix@ls [
This studytacklesa challenging topic because it focusestioa direction of urban growthithin a
limited space the area itself isa narrow coastal cityThe northern side ofhe study area ighe
restricted areandincludes the palac&.he easternside of the area is thsea where the builup area
cannot be extended@he western part of the study areaaiill andthe chief parof the southern area
comprisesa military zone.

2. Methods
2.1. Land Use and Land Cover Analysis

Land use and land cover patterns for 1999, 2002, 2005 and 2008 were mapped by the use o
LANDSAT Thematic Mapper data (row/path: 51/139 for LANDSAT 4 MSS and row/path: 51/129
from LANDSAT 5 TM and LANDSAT 7 ETM+), which have a 30 ground resolution (excefor
the thermal IR band (band 6), which has a-frlR@esolution) andevenspectral bands. A modified
version of the Anderson scheme of land use/cover classification was atlopteategories include:

(1) water body owsea(2) urban orbuilt-up area(3) agriculture(4) grasslandr scrubland(5) bareland
and(6) sparse forest

The sensoiis differentfrom satellite datdbecause it mugirocess thgeometric correction in order
to correct the geometric distortignboth internal and external distortions. Internal distortions are
caused bythe sensor, such as lens distortion, disarrangement of detectors, variation of sampling
rate etc. External distortions are caused by external parameters otherthtbaensor, includig
variation of attitude and position of platform, earth curvature, topographic ,redief
Geometric correction is undertaken to avoid geometric distortions from a distorted image, and is
achieved by establishing the relationship between the irnagedinate system and the geographic
coordinate system using calibration data of the sensor, measured data of position and attitude, groun
control points, atmospheric conditioerc. LANDSAT images were enhanced using linear contrast
stretching and histsgm equalization to improve the image to help identify ground control points in
rectification. Images were rectified to a common UTM coordinate system based on 1:50,000 scale
topographic maps. These data weesampledusing the Nearest Neighbor algorithsg that the
original brightness values pixels were kept unchanged.

Supervised classification bthe Maximum Likelihood technique was applied to classify the
LANDSAT images.The 30 training areas were designed aravdito scaleat the same position in the
raw image to reserve the pixel spectral of each land use class. In additisepé#nabilityof each
training aregFigure 3)asa good representative of land use class was considered to calibrate the input
data with the groundtruth check. The supervised classification image is wétted with the
represerdtive pixel and can distinguish the land use class efficieffithg overall accuracy assessment
from Maximum Likelihood techniqugTable 1)is 92.61 (year 1999), 91.93 (We&002), 95.88
(year 2005) and 98.59 (year 200&@spectively.
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Figure 3. The separability of the representative pixel of each training(red use type)

Year 1999 Year 2002 Year 2005 Year 2008

Table 1. Accuracy assessment of Maximum Likelihood image classification

Year Overall Accuracy Kappa Coefficient
1999 92.61 0.9121
2002 92.93 0.9157
2005 95.88 0.9480
2008 98.59 0.9825

2.2. CA-Markov-Based Model

A raster data model is used in GIS to represent continuous data overHpaceodel divides the
area into griccells or pixe$. Each grid cell is filled with the measured attribute valwmes matrix and
cell values are writtem rows and colums. CA-Markov models represent an urban area with a lattice
of cells, each of which exists in one of a finite set of stafée progression of time is modeled as a
series of discrete steps with future patterns determined by transition rules which specify the behavior
of cells over timg7]. For example, a cell switches from undeveloped urban area (other land use type)
to deweloped urban area, as a function of conditions at each cell and its neighboring cells at each time
step. The pixel value of the raster data model in classified images and the simulated images from
CA-Markov represents each land use typige cell size dermines the smallest unit or object that can
be identified The study assigned the cell size 25 sg.m. as the smallest unit of thepbolijecs in the
study area.

Using land use and cover change data derived from satellite images, this study alshesttid
validity of the Markov process for describing and projecting land use and cover changes in the delta,
by examining statistical independence, Markovian compatibility, #rel statesof the data.
TheMarkov chainhasn states The state vector is a column vector whdseomponent represents the
probability that the system is in thi state at that time. Note that the sum of the entries of a state
vector is 1. For example, vectols and X; in the above example are state vestdf p; is the
probability of movement (transition) from one state j to state i, then the nfatrifp;/ is called the
transition matrix of the Markov chalidi 9].

Theory gives the relation between two consecutive state vectors:

If X,.; andX, are two consecutive state vectors of a Markov chain with transition matrix T,
then @1 = TX,.
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If T is a regular transition matrix, then as n approaches infifiity, S where S is a matrix
of the form ,  \ witk y being a constant vector.

If T is a regular transition matrix of a Markov chain process, axdgfany state vector,
then as n approaches infinit§f, X Y p, where p is a fixed probability vector (the sum of
its entries is 1), all of whose entries are positive.

Consider a Markov cha with a regular transition matrix Markov procegs important class is
Markov processes for which

P(Xi1 [ X, X, %,8 ) = P(X1]| X ) for 6 > 0g> G308 (1)

For these processes, knowledge of the state of the system atgnoédes all possible information
about the state aany future time; information abouthe state at times before, is irrelevant.
A deterministic analog is

- Future evolution of cell state f(x) for x IV fullR specified if full state x = x0 known at
t = t; state at earlier timas irrelevant.

- If only some subspace ofisknown at t = information about state at earlier tinvesuld be
needed to specify trajectory.

Motion with position X on a lattice such that each time there is a 50% chance of moving one step
either right or left.
05TWO= "> 1¢i Q1 2
0 £0M L Q
where mean@ = 0 (by symmetry) std(x,) = W variability of x, grows without bound; size of
fluctuations grows as square root of time

The trend is a statistical approach to aid interpretation of data analysis. This study applies the trend
value asa representative of the changing values from pingbability of transition classand its
transition areaf each pair of the yearsutput fromthe CA-Markov analysisThe trend values show
that the probability of each land use type caossibly change toanotherland use typeover the
changing timeperiod. The minus or plus values are the probability ofctienging trend from each
land use type to lmemeanother typeduringthe time changes.

The IDRISI Sleva from Clark Lab (Clark Universitys the softwarefor simulatng the land use
change and th€A-Markov analysis.The CA-Markov analysis was run to test a pair of land cover
images and outputs #@ansition probability matrix and a transition areas matrix. The transition
probability matrix would explain the probability that each land cover category will change to every
other category. The transition areas matrix is the number of pixels thatpaetexk to change from
each land cover type &veryother land cover type over tepecified number of time units.

b(& ="0¢ ==

2.3. The Validation of Model Outputs

The purpose of validation of the output model is to monitor i@l the actual datét the model
outpu. The validation offers one comprehensive statistical analysis that answers simultaneously two
important questiong1) How well do a pair of maps agree in terms of the quantity of cells in each
category; and(2) How well do a pair of maplataset agree in terms of the location of cells in each
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category?The model wasvalidated using historical and reference landeudatasets which were
compiled[10]. The validationprocedure operates in two steps. Firstly, overall dynamics, sysieen
features and land use patterns are verified. Next, ftoaing is carried out to get amany spatial
details and pattern similasas possible at the cellular le\jéf].

The validation output (Figure 4) is the components of agreement and disagreengnhlihspair
of images between the actual land use image from the classified image and thMa®av-simulated
land usemage Figure 4 displag the similarities and differences of each pair of images and indicate
how they agree and disagree based lww theyattribute each land use type terms ofboth the
quantity and locatiomf theitems. The accuracy of the model is the averagkie of the agrement
and disagrement of the validatd resuls based on both the percage ofcorrectresultsand the
standad Kappa Index of Agreememhix disagreement of quantity with disagreement of location.
The percent ofaccuracy fromthe simulated pixel and the actual pixel staf@able 2) is 92.70
(year 1999), 91.92 (Year 20Q02)1.72 (year 2005) and 94.{lear 2008)respectively.

Table 2. Percent of accuracy from simulated model

Year Percent of correct from CA-Markov Kappa no.
1999 92.70% 0.9149
2002 91.92% 0.9057
2005 91.72% 0.9034
2008 94.41% 0.9348

Figure 4. Validation of modebutputs

(a) Thevalidation ofsimulating CAMarkov and classified image of year 1999
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(b) Thevalidation ofsimulating CAMarkov and classified image of year 2002

(c) Thevalidationof simulatingCA-Markov and classified image of year 2005

Figure 4. Cont.

Multiples of Base Resolution (MBR):

Imfarmation of Location Mailn]

Pertect[P[z]]
PertectS ratum{k[]]
bl ecdiuarn G rid[hd [=]]

b ediumStraturn[H{=]]
MolN(x]]

. AgreeGndeell =
. AgreeShata =

l:‘ Agreefluantity = 01566 l:‘ DizagreelGridzell = 00433 Klocation

. AgreeChance =

0.E073
0E073
0EEZ2
01423

1423

LERRE
LERRE
ERERE

0.E197 . Dizagreelluantity = 00325  Kstandard
0.0000 D DizagresStrata

01423

Multiples of Base Resolution (MBR):

Infarmation of Location Ma[n]

Perfect[P[=]] W
PerfectStratumF.[+]] W
MediumGrid[M(x)] [0Bass
MediumStraturm{Hiz]] W
Mol ] [D1428

. AgreeGrideell =
. AgreeStrata =
l:' AgreeQuantity =
. AgreeChance =

TH

b ediurn(rm]

L9675

L9132
L2394
2334

= 00000 Kno

—

06202 . DizagreeQuantity = 00407

0.0000 l:‘ DizagreeStrata

Infarmation of Cuantity

.o0oo

L9010
L3012
L3012

= 0.8845
= 0.9057

= 03277
KlocationStrata = 09277

Imformation of Quantity

tediurn[m] Perfectp]
0.9593 1.0000
0.9593 1.0000
09172 0.8952
0.2370 0.2954
0.2570 0.2984
K.standard =[0.8823
= 00000 Kno =0.9034
Flozation = [1.9365

01541 l:‘ DizagreeGndcel = 0.0421

01423

KlocationStrata = 0.9365

Parfect]p]

(d) Thevalidationof simulatingCA-Markov and classified image of year 2008
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2.4. Related Factor for Physical Modeling of Urban Growth

The relationship between two or more explanatory variables and a response \anatdeledoy
fitting a linear equation to observed data. Every value of the independent vaimbksociated with a
value of the dependent variable The population regression line f@r explanatory variables
X1, X2, ... ,xk1S defined to be

Y6: a+ b1X1 + b2X2 + E + kak (3)

WhereY6= rate prediction of the criterion (dependent varigbke)= constant, the predictive
equation in the form of raw scores; b,, € ; =bweighted scores or regression coefficients of
predictors from the & to %" number, respectively.X, X, X; = scores of predictors
(independent variable) at thsthumber tothe £ number, respectivelyc = number of predictors
(independentariables).

Multiple regression is used to account for (predict) the variancedepandeninterval, based on
linear combinations aheinterval, dichotomous or dummy independent variables. Multiple regression
can establish that a set of independent variables explains a proportion of the variance in a depender
variable at a signifiaa level (through a significance test of)Rand can establish the relative
predictive importance of the independent variables (by comparing beta weighis)systematic
sample was created with a square grid to overlay a regular array of cellgma,@aon the sample
region and to select one or more samples within eachTdel systematic sample poirdse used as
representativ&to generatevalues of each variable layer for statiatianalysis.

The variablegFigure 5)that are applied for multiple regression analysis consist of temnple
points fromthe systematic sample siti(gndvalue goning),landvalue @rice), landvalue @istances)
Euclidean distance from trsea and main road (m3lope (degree)glevation (metersand CA urban
area of each yearespectivelySee Figuré.).

Figure 5. Variables for multiple regression analysis

3

Systematic sample Land value (zone) Land value (price)
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Figure 5. Cont.

Land value (distance)

Wi

e

Distance from theea (m.) Distance from main road (m.) Elevation (m.)
3. Results and Discussion
3.1. Urban Horizontal Expansion

This result describes the model testing @&-Markov and data analysis fdhe creationof the
model and its development.Spatially explicit models of land use chantie focus to (Markov
Chain Mode) the rate of change between two or more classes, the location of change to one or more
classesandthe rate and location of change between two or more classes. Models are usually calibrated
using past time periods and/or hypotheses of the driving factors of change. The output may be the
likelihood of each cell converting to a given class or predieed Use at one or more specified dates.

The pair of land use images has been selected to test into the Markov Chain(Mguaied 6).
In this caseland use of each year (1999 to 20P@02 to 2005 and 2005 to 2008%elected to teghe
model It is very simple, only needing land use at two time periods. However it does not consider
drivers of changeit cannot be used over long time periods because of stationary transitionaradues
it does not sufficiently differentiate between suitable locati®has, it is simplythe primary testing of
land use change betwesvo timeperiods.
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From the CAMarkov output(Tables 2i 6) we haveshownthatthe transition rule and probability of
the land use class anearlier year may change éoother land use class alater year. It shows urban
horizontal expansion by using the probability of neighbor land use class whichsatiaxisting
urban or buikup area class and the dynamic direction of urban mobility by using the probability of
neighboring land use pe.

Figure 6. Land use and land cov@rULC) change indifferent periods.(a) Actual LULC
change from satellite image classification and field verificatidm). Simulated LULC
change from CAMarkov modeling(CA LU).

(@  Actual LU 1999 Actual LU 2002 Actual LU 2005 Actual LU 2008
BN F

CA LU 2008

(b) CA LU 1999 CA LU 2002
R P : 1 ZRY

CATEGORY [ Grassland or GuIF course
M Agriculbure M Mo dats
[IBare land Ml Sparse forest

M Euilt-up area or Community I v aker body or Sea
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Comparing he simulatedresults fromthe CA-Markov analysisto the actual land use from image
classification and field verification shewhat the are rather similar. The validation result from the
comparison between actual land use #melCA-Markov model outputs appedo showthat it is
acceptable and reliabl&he validated outputs showed thiagé CA-Markov output and actual land use
image matchiogetherin boththelocation ofthecell state and its quantity.

Urban builtup areas show the extent of urban spades builtup areas could characterize the
spatial autocorrelation property, which may uncover the urban spatial pattern. Accordiagigl s
autocorrelation measurgacluding Moran 1[11], which indicaiesthe probability of similar elements
being located closely to each other, could be used to quantitatively measure urban sprawlgbattern
urban clusterThe Mo r a n 6 swasl appiiesix order totest the propensity for data values to be
similar to surrounding data values (cells).The measure used is &dravhich ranges from1 when
adjacent cells are very dissimilao +1 when they are very much alikéhe Moran | is positive when
the observed value of locations within a certain distance or their contiguous locations tend to be
similar, negative when they tend to be dissimilar, and approximately zero when the observed values
are arranged randomly and independently over space.

The tested outputs indicate that the center cells statsianiéar totheir adjacent cells. The spatial
autocorrelation of the CA LU in each year is 0.9715 (year 1999), 0.9558 (year 2002), 0.9731
(year 2005), and 0.9665 (year 200&pspectively.

3.2. Directions and Trends of the City Growth Model

Direction relation is an important spatial relatidime descriptions and representations for direction
relations have different levels of detail because of the varying dimensions of spatial dlgcts [
To identify the spatial direction of city growth frothe CA model and the actual primary year of land
use the study area was dividaeato eightareaswith the Central Business District (CB®f HuaHin
downtown as the center poiinom which one cameasure the direction of urban mobiligigure6 (a)
is the actual land us@.U) from the primary year whild-igure 6 (b) is the CA-Markov land use
(CA LU) from simulation between actual land use of the primary year and the actual land use of the
last year.

The matrix resulshowshow many possibilitieshere are by whiclelass | (fromcolumn) in the
previous land use image can change to be each classnexhperiod {ime ¢ + n). The result shows
that it is the possibility ok pixel in the year 199 to be unchangedafter a specifictime period
(threeyears). It shows how many pixels of land use in the ye@® t@n change to be the state of
arother landuse type in the yed002 and so onThe percerdge of escalating urban pixel of the
CA LU in each year is 79.87% (yesdr999 to 2002)Table3), 75.73% (yea2002 to 2005 Tableb5),
and 86.486 (years 2005to 2009 (Table7), respectivelyThis could be an accurate way adiplaying
the escalating image of urban growthod HuaHin municipality.
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Table 3. Probability of transition class &ULC 1999 to 2002

. Bare Built-up Sparse Water
1999\2002 Agriculture Grassland Percent
land area forest body
Agriculture 23.02 0.71 6.03 43.81 25.95 0.48 100
Bare land 7.05 10.55 27.83 48.67 5.58 0.33 100
Built-up area 0.41 0.89 79.87 16.43 1.62 0.78 100
Grassland 13.17 1.77 10.21 48.13 26.61 0.12 100
Sparse forest 6 1.13 2.62 31.64 58.53 0.08 100
Water body 0.17 0.13 9.63 3.5 0.91 85.66 100
Table 4. Transition area of each classLdJLC 1999 to 2002
1999\2002 Agriculture Bare Built-up Grassland Sparse Water Total
land area forest body cell
Agriculture 2018 63 529 3841 2275 42 8768
Bare land 187 279 737 1288 148 9 2648
Built-up area 81 179 15937 3278 324 155 19954
Grassland 5734 770 4445 20955 11587 51 43542
Sparse forest 2950 554 1289 15547 28763 38 49141
Water body 30 23 1697 617 160 15089 17616
Total cell 11000 1868 24634 45526 43257 15384 141669
Changing _ _ -
2232 1780 +4680 +1984 15884 12232
Trend
Unit: 1 cell = 625 Sg.m.
Table 5. Probability of transition class &fULC 2002 to 2005
2002\2005 Agriculture Bare Built-up Grassland Sparse Water Percent
land area forest body
Agriculture 5.87 6.91 15.38 49.55 22.11 0.18 100
Bare land 0.08 21.68 50.06 20.14 7.93 0.11 100
Built-up area 0.28 0.82 75.73 11.07 3.35 8.76 100
Grassland 0.79 8.55 27.47 40.8 22.02 0.37 100
Sparse forest 0.45 2.4 5.76 26.38 64.91 0.09 100
Water body 0 0.02 1.19 0.53 0.61 97.66 100
Table 6. Transition area of each classla§LC 2002 to 2005
. Bare Built-up Sparse Water Total
2002\2005 Agriculture Grassland
land area forest body cell
Agriculture 67 79 175 563 251 2 1137
Bare land 5 1356 3129 1259 496 7 6252
Built-up area 92 269 24829 3628 1098 2871 32787
Grassland 299 3241 10415 15465 8348 139 37907
Sparse forest 200 1067 2559 11718 28829 40 44413
Water body 0 3 227 101 118 18722 19171
Total cell 663 6015 41334 32734 39140 21781 141667
Changing Trend 1474 1273 +8547 15173 15273 +2610

Unit: 1 cell = 625 Sg.m.

1493
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Table 7. Probability of transition class &fULC 2005 to 2008

i Bare Built-up Sparse Water
2005\2008 Agriculture Grassland Percent
land area forest body
Agriculture 29.82 17.85 15.66 23.39 13.28 0 100
Bare land 0.29 35.69 54.63 5.3 4.08 0.02 100
Built-up area 0.25 7.45 86.48 2.3 2.43 1.09 100
Grassland 3.31 8.52 45.67 16.29 26.14 0.07 100
Sparse forest 1.26 5.69 10.32 5.79 76.87 0.07 100
Water body 0.02 0.03 1.51 0.02 0.08 98.35 100

Table 8. Transition area of each classlLa§LC 2005 to 2008

) Bare Built-up Sparse Water Total

2005\2008 Agriculture Grassland
land area forest body cell

Agriculture 672 402 353 527 299 0 2253
Bare land 31 3797 5813 563 434 2 10640
Built-up area 135 4034 46812 1245 1318 589 54133
Grassland 334 861 4614 1646 2641 7 10103
Sparse forest 569 2577 4671 2621 34794 34 45266
Water body 3 5 292 4 15 18953 19272
Total cell 1744 11676 62555 6606 39501 19585 141667
Changing Trend 1509 +1036 +8422 13497 15765 +313

Unit: 1 cell = 625 Sg.m.

However the simulated model still hakew errors because of the seasonal changes of the
acquisition of the satellite imagery data. There are some differensiatfctme land coversuch as
changes irsea levebr thewaterlevelin the reservoirthe abandomentof some community arear a
built-up area haing some shrub cover. The factorsaffect the image classification to distinguish the
land use types and the land use change through the time shafigs the actual land usgpes were
comparedto the simulated land use, they ateemed alisagreement of the celistate in either
guantityor location.This occurs, for examplevhenthe waterbody changgto bare landasa resultof
sea levelredudion over time or when abuilt-up area or community abandononstructionand the
area eventually turns graséand and sparse forestowever,the output fromthe simulated land use
model carstronglyforesee the trend aralchange irdirection mobility so that thdand use planning
can stillsupport the rapid growth of the tourism industry.

3.3. Direction from Trending of the Narrowest Coastal Urban Growth

A direction relation is an important spatial relationGIS [12] for land useplanning. Since the
analysis is based on the raster model in GIS, the direction of the cell space or the land use state must t
defined clearlyThe rectangleell can bea partition The extended lines of the boundary lines of the
rectangle, which us¥ and Y axes as the width and heightespectively, are the axes of the partition.
Therefore, th@bject or the cell center of each cell st@émd use typeis divided intoninesubregions
to define inner, boundayynd ring direction relationsThe direction of th study can be appt by
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placing the center at the original downtown area of H&ln, which is the center of the
urbanexpansion.

From CA-Markov analysis,it can be seen thaity growth has many growth directions. We found
that the buikup area is gromg andthat its directionand the spatial directiorare both positive
compare tothe actual land use in the year 1978.

At the beginning of actual land usmalysisin the primary year1999, it seemd the growth
directionwould spread to thevestern side othe study areaHowever,the simulated model from CA
shows that the land use of the ys#002 (Figure 7) 2005(Figure 8) and 2008Figure 9)spreadto
manyof the western and southearea.

The political policy from HuaHin municipality has encouraged changestive direction of city
growth. Compaing the actual land use frorthe primary yeas 2002, 2005 and 200&ith their
CA-Markov modelsthat weresimulatel from CA-Markov analysis we found that the city growth
direction spreatkessinto the golf course in theestern part of study arélaanthe southern partasit is
amilitary area.

Figure 7. Simulatedand use and land cover change betwhegears 1999 to 2002.

(a) LULC 1999 (b) LULC 2002
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Figure 8. Simulatedand useand land cover change betwdbeyears 2002 to 2005.

(a) LULC 2002 (b) LULC 2005
_ CATEGORY
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Figure 9. Simulatedand use and land cover change betwhegears 2005 to 2008.

(a) LULC 2005 (b) LULC 2008
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3.4. Spatial Decision Support from Mobility of Land Use Change and Its Trend for Sustainable Planning

Fromthe CA-Markov analysis, the local planner can foresee the rigpahd the direction of urban
expansion in order to plan for the capability resources to support people who live and visit this narrow
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seaside city.The tourism industrys particularly demanding, withhuge usagéeing supported by
limited resources.

It is accepted that computer modeling rekupport theurban planner Spatial decision support
systems (SDSSgstimate the trend of urban growds well as the land use change around their local
area such asa municipality unit. GIS technology and its modelstgtistics are especiallyusefulin
estimaing the rate or ratio of changgk3i 19].

CA-Markov analysisoutput has showthatthe transition rule and probability of the land use class
in the earlier year may change @oother land use clags a later year. It shows urban horizontal
expansion by using the probability of neighbor land use class which adjoin the existing urban or
built-up area class and the dynamic direction of urban mobility by using the probability of neighboring
land use type.

The variables (Figure Shat are used for the multiple regression analysis consist ofatmple
points ofland valug(zone),land valug(price), land valug(distance) CA-Markov urban area of each
year, slope (degree),distance from thesea (m),distancefrom main road (m)and elevation (m)

The backwardelimination is applied fothe selection of variables. The study found thatvariables
are not significant for urban horizontal expansiaamely,the land value by zone, land value by
distance, distnce from the seand the elevation of space.

In the meartime, there are onlyhreevariables namely,the slope of the space, the land priead
the road distangevhich are significant for the urban horizontal expansion of Hira The multiple
regression analysis shethe regression model fhorizontal expansigras below(Table9).

Table 9. Multiple regression analysis

Unstandardized Standardized Si
Coefficients Coefficients g
Model B Std. Error Beta
1 (Constant) 158.027 71.928 2.197 0.011
Slope -115.44 21.438 -0.179 -5.385 0
Land_Price 4.527 0.084 0.216 6.311 0
Road_Distance 11.331 1.459 0.268 7.765 0
Note: * significantly different at
TGN T "H "191'H "1 1 158.027 115.442 "ENQ + 4527 OCE'QGIOQ
+ 11.331 (YEQONE GD) (4)

The equation can explain the local modeling of the urban growth expaasmecially the narrow
coastal area along the ség using the model parameters for the physical factors to force expansion
and settlementMore horizontal expansion will occur due tiee low slope, higher land valyand
farther road distancd&he road distance is the most infltiahfactorin forcing urban expansion and its
growth because accessibility is very important for the |orgrow areaMeanwhile,the area along
the beachhatare also connected to the main road tassexpensiveareas However,the urbanarea
still expands along either tmeain road or sumnain road. Because @§ accessibility, the urban area is
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attractive for furthebusiness opportunifyand thereforghe land use typevill remain as arurban or
built-up areathough theservice functiorwill be changedrom a residentiharea toa commercial or
business zone

The price of the land is alsmimportant factoin driving the direction of urban expansicas well
asinfluenang the rapidgty of urban growth.The higtest pricesfor land belong tothe area along the
beach From the empirical studyhé urban or the buitip area will be expanded the cheaper land
priceand its function will be for residents contrastthe ex@nsive price areaear the beachill be
changed froma residential area ta commercial recreéional or touridic area because of its
accessibility Many hotels,resorts,guesthouseand entertaiment establishmentsre locatedn this
areabecause tourist&/ish to relax near the beacklith a nice atmosphereyhere it is a calm and
convenient to geo.

The low slope is another factor theffectsthe horizontalexpansion, as the residential area could
not be construed on the step slope and tHegislation dd not allow people to construct resideson
the hill or mountain.

This study is only a part of the decision support systgrmodeling the land use situation. To plan
local legislation we needalternativemodeling land use systermandan identification of problems or
constraing, in order to determine the ranking otexhatives and make dinal decision. In particular,
we needto plan for the transportation network, energy and resowsge pollution, and
environmenal concerngor the local inhabitantsas well as the rapid tourism development in the area
of HuaHin.

4. Conclusions

The CA-Markov model is used for studying urban growth in maontexts one of the studies
exploresthe narrowest coastal urban growth in Hdia city, Thailand. The resudtfor the CA-Markov
model output and the actual land use types are sinTilae. CAMarkov analysis shows a high
interclassmobility, i.e., a highpersistence of urban municipalities to stay in their own class from one
decade to anotherhis meansthat CA-Markov can be appéd toa studyof many urban formseven
for constraiedarea such ashe narrow coastal aréatheHuaHin model

Thisis, howeveronly a preliminary studyof the urban expansion process of Hiia city; the city
growth model isacomplex phenomenoRegardlesshe study can providaechanging imagef actual
land use and simulad land use fronTCA-Markov that is useful for town planneand policy makes
who canthen decidenthe direction of urban mobilityas well as the trend of urban growth

Urban growth isa complex phenomenon and many factmffuenceit. Urban planning laws and
regulations have influence on land development, espeaiaiérms ofurban expansion and protection
of natural areag19]. The decision support system can be uBmdevaluating different planning
options by using the performance indicators, which can be defined on the basis of the relevant planning
agenda. CAMarkov and GIS technologwre challenging tools toaid sustainable planning and
development becaugbey canillustrate the foreseeablphenomea [19]. In addition,the study can
predictthe future growth of the narrow coastal areasnter to plan for the land use change under
rapid tourism development. It is usefal plaming the carrying capacity of # infrastructure service,
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waste management and transportataswell as the construction of high buildégy tourist hotelsn
the future.
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