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ABSTRACT

State wide variant topographic features in Northoliaa attract the hydro-climatologist. There isnao
modeling study found that predict future Land Cokand Use (LCLU) change for whole North Carolina.
In this study, satellite-derived land cover mapsyefr 1992, 2001 and 2006 of North Carolina were
integrated within the framework of the Markov-CédiuAutomata (Markov-CA) model which combines
the Markov chain and Cellular Automata (CA) teclugig. A Multi-Criteria Evaluation (MCE) was used to
produce suitability future images. The Markov Chamd MCE analyses provided transition probability
area and suitable images, respectively which weea tynamically adjusted through the Multi-Objeetiv
Land Allocation and CA spatial filter. Two stagesvalidation procedures were adopted in this study:
The Relative Operating Characteristics was usedhlidate suitability images and 2. The Kappa indéx
agreement was used to validate the overall LCLUngkd simulated map. LCLU prediction of North
Carolina for year 2030 shows 20% increase of lugltand, 17% decrease of forest land while compgarin
that with year 1992. About 7% agricultural land viasgnd to decrease in 2030 when compared with 2001
data. No significant changes were found for watedyband other land category coverage. Much of the
built-up land (urban expansion) was found to behi@ southern, mid and mid-eastern portion of North
Carolina. Loss of forest area was predicted mastlyestern and mid-western part.

Keywords: Land Cover Land Use Change, Markov Chain, CellMlatemata, Multi-Criteria Evaluation,
Multi-Objective Land Allocation

1. INTRODUCTION subsurface and loss of wildlife (Sayemuzzaman daq J
2014; Chang and Sayemuzzaman, 2014; Schneider and
An average of 100,000 acres per year of farm andPontius, 2001). Human activities and future climate
forestland in NC are converted to development, orrelated changes are also altering land at an
about 1,000,000 acres per decade-affecting botlerwat unprecedented rates, magnitudes and spatial scales
quality and quantity (Holmaet al., 2007). Population (Sayemuzzaman and Jha, 2014; Sayemuzzeehah,
expansion, economic development, technological2014a; 2014b; Vitouselet al., 1997). Thus it's a
advancement and many forms of migration bring LCLU paramount important to assess the past and current
change, which can cause significant environmentalLCLU change trends as well as to simulate future
consequences, such as extreme surface runoff, watepatterns for sustainable development. Various LCLU
quality deterioration (Tongt al., 2011), eutrophication, change models have been developed which are capable
ground water depletion, contaminant dissemination i of identifying quantitatively the location and patt of
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the change, such as: Agent based model, dynamielmod The present study was used the Markov-CA model
empirical and statistical model. Analysis and pec&dn in combination with natural and socio-economic
of future LCLU change is often complicated becaoBe yariaples to predict the future LCLU changes in @03
the dynamic and stochastic nature of change of theq, the entire state of North Carolina. Conditional
natural and socio-economic variables, the mostirdyiv probability maps and transitional probability area

forces of change (Parkeral., 2003). matrix have been generated from the satellite @elriv

A Markov-CA model is capable of simulating .
temporal and spatial dynamics of LCLU change by LCLU datasets (1992, 2001 and 2006) using the

integrating remote sensing and GIS based databigth ~ Markov chain analysis. Suitability images were
physical and socio-economic data (Myint and Wang, Produced using the MCE procedure which combines
2006; Courageet al., 2009; Tonget al., 2012). In the the natural and socio-economic variables with the
Markov-CA model, markov chain analyzes temporal conditional probability images of land use categgri
change among the LCLU classes based on transitiorDynamic adjustments and effective land allocatietween
probabilities matrices (Takada al., 2010); while the  the Markov model transition probability areas and

CA geographically evaluates the spatial contigaityl  syjtability images have been conducted by the MOLA
land cover suitability (Houet and Hubert-Moy, 2006) 4.4 ca spatial filters.

The Markov chain technique in combination with CA

is capable of generating a better spatiotemporal 2 MATERIALSAND METHODS

pattern of the LCLU change. Although many

researchers (Paegelow and Olmedo, 2005; 5w, 2.1. Study Area

2007; Couraget al., 2009; Guaret al., 2011; Tonget al.,

2012) have used the Markov-CA model in their land  The state of NC is located in the southeasternednit
use change prediction study, only few studies haveStates (75° 30’-84° 15’ W, 34°- 36° 21’ Nyi@. 1). The
combined natural and socio-economic variables intostudy area covers approximately 52,664 square miles
their model. These variables can be efficiently (136,399 krfj and is 560 miles (900 km) long by 150
integrated into Markov-CA model as suitability miles (240 km) wide. There are a total of 100 csnand
images format by the Weighted Linear Combination the population was nearly 9.5 million (approx.)2610
(WLC) based MCE method (Wu and Webster, 1998; (yscB, 2010). The population has grown rapidly from

Eastman, 2006; Yu, 2009; Torg al., 2012). MCE g5 g jjjign (approx.) in 1976 and is projected ®dbout

was .f'rSt developed in regional economics as a4 g pjjlipn (approx.) by 2030 (NCOSBM, 2010).
decision support method for structuring and aiding : :

g ) NC has diverse topographic zone from west
complex decision making processes (Wu and Webster, . : .
1998: Proctor, 2001). In the last two decades theMountainous region to east coastal region. Theeeast

technique is becoming popular and its applicatias h 40% of NC is characterized by coastal plains and
been greatly expanded. Making decisions based en thtidewater. Moving west, the next 40% of NC, about
criteria about land allocation, alternative actiolms 200 miles wide, consists of the piedmont plateau.
achieve a specific objective is very fundamental in Land slopes upward as we move from eastern
land use change modeling. MCE uses a variety ofpiedmont plateau to the western part containing
user-defined criteria, either as a factor or a taiist, southern Appalachian Mountains (Blue Ridge and
which can be represented as a map layers in a GlSreat Smokey Mountains).

(Eastman, 2006). Tongt al. (2012) used population .

as only variables with their Markov-CA model to 2-2- Data Sourcesand Pre-Processing

predict LCLU change. Couragtal. (2009) combined
natural and socio-economic variables into their

koA model T predi e LCLU e, s, 13" 084 151w 30 S8 B PGLD
but the integration was not successful due to ok | Y PP Y o, d

of consistent information among data sets. TheMiles (136,399 kif) and is 560 miles (900 km) long

efficient integration of these variables into the bY 150 miles (240 km) wide. There are a total 00 10

Markov-CA model stills a research challenge becausecounties and the population was nearly 9.5 million
of the discrepancy among these different datasetdapprox.) in 2010 (USCB, 2010). The population has
(Veldkampet al., 2001; Martinezt al., 2011). grown rapidly from 5.5 million (approx.).

The state of NC is located in the southeasternddnit
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Three sets of historical land use raster image data Since NLCD 1992 and 2001 datasets have 21
were collected for years 1992, 2001 and 2006 froen t classes and 2006 has 26 classes, the land usesfass
U.S. Geological Survey, multi resolution land coever all three imageries were resampled and reclassified
National Land Cover Data (NLCD) (USGS-NLCD- into five broad categories using ArcGIS able 1).
MRLC, 2013). Two maps (1992 and 2001) were usedThe five categories are: (1) Water body, (2) Buitt
to train the markov iteration process for land useland, (3) Forestland, (4) Agricultural land and (5)
pattern identification and the third map (2006) wasd other land. The original datasets were in GRID
for validation of the MC model. The NLCD 2001 and format; so the maps were converted from GRID to
2006 are based primarily on the unsupervisedTIFF and then from TIFF to raster (rst) format te b
classification of Land sat Enhanced Thematic Mapper compatible with the interface IDRISI selval7.0.
(ETM+) circa 2006 and 2001 satellite data. Whereas,Projected co-ordinate system, maps background
NLCD 1992 is based primarily on the unsupervised values, spatial dimensions and data types of glismeed
classification of Land sat Thematic Mapper (TM)ceir  in this study were resized and reoriented to asthee
1990's satellite datd&{g. 2). consistency in prior to the further model applimati
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Fig.1. Study area: North Carolina, USA
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Fig. 2. Actual NLCD image data sets of 1992, 2001 and 2006
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Table 1. Reclassification of the land use categories separate regression for each cell). Given thataaligic
Land use reclassification Description regression (Y = a+X+b,X?) has 3 unknowns and we
Water body Streams, lakes, have three data points, it yields a perfect fit.isTh

reservoirs equation is then used to interpolate the unknown
Built up land Industrial, residential, transition probability.

commercial, transportation,

urban area 2.4. Development of LCLU Suitability |mages
Forestland Deciduous, mixed, o .

evergreen, shrub/scrub The Suitability images for each land cover establis
Agricultural land cultivated crops, the inherent suitability of each pixel for eachdasover

pasture, grassland type in a specified time period (Eastman, 2006)thia
Other land Woody wetland, barren study we computed the suitability images of 2006 an

2030 LCLU by utilizing the MCE method using the

2.3. Markov Chain Land Use Simulation natural and socioeconomic variables integrated with

The LCLU change prediction modeling is more the conditional prpbability images of developed,
appropriate within the modeling concept of MC model forest land and agricultural land from the MC madel
There is always a certain degree of randomness andvater body and other lands were ignored due to the
uncertainty is inherent in the LCLU Change procmsd insigniﬁcant Change W|th|n the Study t|me fram@.tN‘al
that's Why stochastic, dynamic model is more variables in this StUdy include slope, elevatiod distance
appropriate than static, deterministic model (Tehgl., to the nearest water body. Population density asthmte
2012). The MC is a discrete-time stochastic process to the nearest primary road network are the
which the probability distribution of the curreriate is socioeconomic variables were used in this stiidyle 2
conditionally independent of the path of past stateis shows detail of the sources of the variables.

a model of the system where the next state isysolel For 2030 LCLU projection, all natural and
depends on the current state not on the previais st socioeconomic variables were processed utilizing
(Myint and Wang, 2006; Yu, 2009). The MC model mathematical functions, map algebra and spatiatlaye
analyzes a pair of historic land cover images andMCE integrates these criteria by WLC and calculdtes
outputs a transition probability matrix, a transiti  syitability of each land cover category, supervities
areas matrix and a set of conditional probabiliages  spatial allocation of the predicted time transition

(Eastman, 2006; Takada al., 2010). The first step in  yropapilities and displays the results as suitghiliaps.
the MC model transition probability analysis is to

compare two historic base maps (1992 and 2001isn th 2.5. Evaluation of the Markov Chain M odel
study) and produce raster images for the catedorica
pattern of changes between the maps of two datd, N
the transition probability matrix §) is calculated based
on the projection date. In this research, the ptexgt o
was firs? mJade for 2006, which was comparedpwim th RQC validation was used_ to _e_va!uate the degree of
base map of 2006 for validation. After the sucagssf certainty of the transition suitability images. TR(—‘-DC.
validation, the future LCLU was projected for 203hie can compare and measure the qgreement of location a
general assumptions of algorithm are as followsR(IEl, map of actual change in a certain land use categsry
2013): If the date is being projected forward amrev @ Boolean image format with the simulated image of
multiple of the training period, then the new titns  the same category (Torg al., 2012). ROC provides
probability matrix is calculated through a simple two by two contingency table of actual change and
powering of the base matrix. If the projected tipggiod ~ actual non-change versus simulated change and
is in between even multiples of the training peritien ~ simulated non-change. According to (Pontius and
the power rule is used to generate 3 transitiorriosst Schneider, 2001), a ROC value 1 indicates thatether
that envelop the projection time period (if the iBé is perfect spatial agreement between the Booleasscl
periods are times A, B and C, the period to bemap and the suitability map of that same classtbd
interpolated will be between A and B). The thretugea means that there are no statistical significant
at each cell in the transition probability matrise ahen differences between the two compared objects. The
fed into a quadratic regression (thus there will e only differences are due to random locations.

Two indicators were used in this study to evalubé&e
validation of MC model prediction: ROC (Pontius and
Schneider, 2001) and KIA (Pontius, 2000).
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Similarities between actual image and simulated

image were compared using a KIA which has been

widely used to validate LCLU overall change preidict
(Pontius, 2000; Courags# al., 2009; Tonget al., 2012).
There are three indicators of KIA are: Kno givegai
accuracy of a simulation run, Klocation and Kquignti
indicators validate the location and quantity betwe
the actual and simulated maps (Schneider and Pxntiu
2001). The possible values of the statistic ranfie o

2.7. CA Spatial Filter and MOLA-Dynamic
Adjustment Procedure

Since the MC model did not simulate the
neighborhood effects and geographical contiguityy C
spatial filter and MOLA dynamic adjustment proceslur
were introduced to get the final simulation. Irstktudy,
5x5 Gaussian contiguity filter was used as the
neighborhood definition. As an input for this opgéra to

those 3 indices from 0 to 1, where 1 means perfectsimulate 2006 land cover, we used (1) 2006 tramsiti
agreement and o means no agreement beyond thayitapility maps derived from analyzing 1992-2001

expected by chance (Pontius, 2000).
2.6. Markov-CA Land Use Simulation

Two Future prediction of LCLU change requires the
information relating to causes behind the chang& M

NLCD base maps by MC and MCE, (2) 2006 transition
probability area matrix which was produced by M@ an
(3) 2001 NLCD base map. The number of iterations
selected wasl10, which established the number o tim
steps that were used in the simulation. Within eé&ole

ignores the forces and processes that produced thgtep, each land cover is considered in turn asst ho

observed patterns and assumes that these forcsayto
same in the future. It is also insensitive to spéue

sense of geography). Markov-CA model overcomes

these limitations by combining MC and CA model. The
model depicts the spatial dimension and contigaity
well as includes suitability knowledge by integoatiof
explanatory variables into the MCE method. The
Markov-CA model is also called combined Cellular
Automata/Markov Chain/Multi-Criteria/Multi-Objectev
Land Allocation land cover prediction method, which
adds an element of spatial contiguity, specific
decision from multi-criteria evaluation and alsceth
knowledge of dynamic distribution from MC analysis
(Myint and Wang, 2006; Sangt al., 2011). The
Markov-CA model was executed using algorithms
available in IDRISI selva 17.0 and Arc GIS 9.3 Imag
processing software. The IDRISI Selva is an

category. All other land cover classes act as @aaim
classes (Eastman, 2006). With each CA pass, eacth LC
transition suitable map is re-weighted as a resthe 5x5
contiguity filter, which determines the location e
simulated land use/cover class (Pontius and Matanso
2005). Once re-weighted, the revised transitiore bl
maps are then run through MOLA to allocate 1/10 of
the required LCLU in the first run and 2/10 the ced
run and so forth, until the full allocation of lafat each
LCLU class is obtained (Myint and Wang, 2006). Bhse
on a minimum distance to ideal point rule using
weighted rank, highest weighted transition potdrida
sorted (Courageet al., 2009). MOLA procedure
resolves land allocation conflicts with this sorted
transition potentials. At the end of each iteration
MOLA procedure generates a new LCLU map by

integrated GIS and image processing software whichoverlaying all results. This procedure was also
facilitates not only format conversion between datafollowed with changed population variables to
sets, map composition, map display but also pravide generate 2030 NC LCLU change map. The above
statistical analysis, time-series analysis, spatald discussed research methodology in section 2 can be
use analysis and decision support analysis. well represented in the following flow chart Fig. 3.

Table 2. Sources of variables and weight value derived fforalytic Hierarchy Process (AHP)

Variables Sources Year Weight (%)
CPI of built up land/ forest land/agricultural land Markov model 2006 and 2030 60
Population U.S. census

bureau and

NCOSBM* 2006 and 2030 20
Elevation NED* 2006 9
Distance to water body NHD* 2006 5
Distance to primary roads NCDOT* 2006 4
Slope DEM’ 2006 2
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Historic LULC data sets of 1992, 2001

Markov model

Conditional probability

Conditional probability
image of built up land

Conditional probability
image of agricultural land

image of forest land

Transition probability
area matrix

|
AHP .

Hydrography
area distance

Primary road
distance

A

ROC
Validation

Transition suitability images

Satisfactory

validation results

Mardov-CA
model

CA spatial
filter

KIA
validation

| Size of filter | | No. of iterations |

ISatisfactory validation resul’r%

Yes

Simulated future LULC
map of 2006 and 2030

Fig. 3. Research flow chart
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3. RESULTSAND DISCUSSION watershed. Tongt al. (2012) was used 0.1667 and 0.8333
weight values for urban suitability and populatemsity
3.1. LCLU Suitability Images images consecutively after several trial and errors

Suitability images for each land cover establisa th 3.2.2. KIA Validation
inherent suitability of each pixel for each land/eotype

: y X _ 4 Similarities between actual image and simulated
in a specified time period. It was computed usihg t

- X .~ image were compared using the KIA approach which ha
MCE method by integrating natural (slope, elevation poen idely used to validate LCLU overall change

distance to the nearest primary road network andgegiction. In this research Markov-CA overall
distance to the nearest water body) and Socioed@nom gimjation yielded three KIA indicators as Kno =987
(population density) v_anableﬂ'.able 2 shows (jeta|l of  Klocation = 83% and Kquantity = 9 0% when compared
the sources and weight values of the variables. Theyetyween the simulated 2006 map with the actual 2006
weight values were derived using an Analytic Hiehgr  map  visual and statistical analyses revealed that
Process (AHP) where each variable is assigned &vith forest |and, agricultural land and water body are
value representing its degree of relative imporaand  rejatively well simulated but some portion of buijd
also the trial and error process which brings teetb |ang especially north-west part was over predicted.
validation results. MCE method integrates these yisyal analysis ofig. 5 indicates that all the classes of
weights and criteria using WLC and calculates the 2006 simulated LCLU maps are relatively close te th
suitability of each land cover categoBigure 4 shows  corresponding classes in the actual 2006 LCLU map,
the suitability images for each of the land covir.  whijle the Built up land poorly simulated in someas
ranged from O to 255 byte type data in stretchddeva specially on the north-west part of NC. There ibig
which is the result after standardize in lineazfumethod  area covered by forest land, 72,499%kim 1992 and
available in IDRISI (Paegelow and Olmedo, 2005)ale 61,242 kni in 2006 in NC. The simulated forest land in
255 indicates the highest suitability and a valieditates 2006 was found to be 58,616 kis shown inFig. 6
the lowest suitability of that particular category. which signifies the better quantitative simulatieven
o . though huge areas are involved in simulation preces
3.2. Valld_aI'lon of the Markov Chain Mode The best agreement in quantity and location is shiow
Prediction the Water body 10,253 Knand other land class 16,059
ot km*= in simulated data sets image, while the
3.21.ROC Validation corresponding actual data are 10,545 kand 17,100
The ROC validation was used to evaluate the degree&km? respectively Figure 6). Simulated 2006 forest
of certainty of the transition suitability imagds.was land, Agricultural land and built up land found 686,
performed by comparing the simulated 2006 suitgbili 37,041 and 14,900 Kmespectively whereas the actual
map for the built up land, agriculture land anceirland ~ map data are 61,242, 34,270 and 13,242 (&iy. 6).
with the Boolean image derived from the actual 2006 ) )
NLCD map of the three classes. Trial and errorhaf t 3-3- Projected 2030 LCLU Scenario
weighted combination of variables and conditional  The model verification led to the advantage of
probability images of MC model provided the best®RO  jyiegration of natural and population variable He t

values. Transition suitability images which were Markov-CA model in land use chan ot
X - ge projectiohable
generated the best ROC values were used in thedvark 3 validation results indicated model reliability and

CA model to get the final simulation of 2006. ROdlue predictability. Based on these validation resulise

of 0.83, 0.89 and 0.87 were found for Built up land . ;

Agricultural land and Forest land consecutivelaljle LCLU scenario for the year 20.30 N .NC was generated
3). Ten equal interval thresholds were used for roc(Fig. 7). Similar procedure of simulation 2006 map was
analysis, which aggregates the different no. ofuSed to generate 2030 LCLU map. Firstly, 1992 and
threshold into one measure of agreement after2001 NLCD base maps were used to train the map in

analyzing the goodness-of-fit of all numbers in MC model. MC model proq_uced tran3|t|9r_1al probajz)lllt
thresholds. Schneider and Pontius (2001) also theed ~Matrix of 2030 and conditional probability images o
highest ROC value of deforestation suitability ireag  built up land, agricultural land and forest land26f30.
for their further model calculation. Pontius and After that, MCE method produced suitability imags
Schneider (2001) calibrated the suitability maps of 2030, with the integration of the variables and the
forest areas with the combined maps of socio-physic conditional probability images of 3 categories of
characteristics and forest areas in 1971-1985dswich LCLU. Calibrated and validated weight values offeac
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variable and conditional probability images of logical sense because mid portion is the 3rd lamigsof
respective class from previous section have beenNC and mid-eastern part is the capital of NC. Tinzan or
adopted. Then Markov-CA model was used to generatedeveloped land information will help water resosrce
2030 LCLU projected map with the following model manager or city planner to thorough assesses wiagply
inputs: (1) 2001base map; (2) 2030 LCLU quantitativ and d|str|but|_0n, transport planning an_d sustamaloban
areas transition matrix and (3) 2030 suitabilitypnef ~ 9rowth. In Figure 7, 2030 LCLU projected map also
built up land, agricultural land and forest landeggries. indicates that the 70% agricultural land, rangelare on
The simulated 2030 NC LCLU scenario Trable 4 the eastern and mid-eastern part of NC and mosheof
showed a substantial increase in built up land feo65  forest land are on the western and mid-westernghatC.
km? in 1992 and 12,161 Knin 2001 to 32,717 kfin Due to the significant amount of agricultural lande
2030. Built up land was found to increase by 4588eny  Situated in the eastern part of NC, further work ba done
compared with 1992 LCLU map. Forest land and with the water guality assessment based on thetitpie
agricultural land were found to decrease 32 and 8ychange of agricultural land. _
respectively over 40 years of comparison. Veryelitt Figure 8 shows the percentages of land allocation
percentage decreases of water body and other lan@f 1992, 2001 and 2006 base maps and projected 2030
categories (2 and 5% respectively) were found 8020 LCLU of 5 categories. In 2030, 36, 24 and 20.1%dlan
when compared with 1992 data sets. Visual analysis are allocated in forest land, built up land and
Fig. 7 indicates that a more extensive built up land agricultural land consecutively{g. 8). 8.3% of forest
predicted in the southern portion of NC. Generahe ~ land was decreased from 1992 to2006 periods and
urban built up area is based on the scale of urbarB:9% is going to be decreased from 2006 to 2030.
population. It seems logical that the southern paNC ~ There are increasing-decreasing percentages of
projected almost 1.2 million populations in 2030isth ~ agricultural land allocation found over 40 years.
is in and around the business city Charlotte in MCig. About 7% agricultural land was found to decrease in
7, it's visible that mid portion and mid-easterntpaf NC ~ 2030 when compared with 2001 data. No significant
will also be experiencing urban land expansion Bg2  changes were found for water body and other land
The projected map of 2030 in this portion also jses ~ category coverage over 40 years of analyBig.(8).
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Fig. 4. Suitability images of A. Built up land, B. Agricuhial land and C. Forest land
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Fig. 5. LCLU maps of 2006 A. simulated by Markov CA modetsus B. actual datasets

® Actualland cover 2006
m Projected land cover 2006
61,242

58.616

70000

60000

50000

40000

Area (km?)
5]
e
(%)
1
]

30000

20000

o -
0

Waterbody Builtupland Forestland Agricultural land Other land

17.100 16,059

Fig. 6. Simulated versus actual LCLU classes are&)km2006

i Land use land cover

[ Waterbody
(] Builtup land
B Forestlnd
B Agriculrumal lnd
B Oberfand
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Fig. 8. Percentage of land allocation in each year of 190@1, 2006 and 2030

Table 3. Kappa statistics and ROC values for model validation

Image comparison criteria Validation Values
Simulated suitable built up land VS Boolean actualt up land ROC 0.83
Simulated suitable agricultural land VS Boolean akagricultural land ROC 0.89
Simulated suitable forest land VS Boolean actuadbland ROC 0.87
Simulated 2006 LULC VS actual LULC image KIA 0.86

Table4. Actual (1992, 2001) and simulated (2030) LCLU ataa® and % change in 2001 and 2030 in North Carolinarwh
compared with 1992 in different categories

Land class, year 1992 2001 Change (%) 2030 Change (%)
Water body 10455 10869 4 10286 -2
Built up land 5865 12161 107 32717 458
Forest land 72499 60879 -16 49121 -32
Agricultural land 29785 37044 24 27398 -8
Other land 17795 15446 -13 16861 -5

The Markov-CA model
natural and socio-economic variables was used tothe reliable ROC and KIA validation, the Markov-CA
model is used to simulate 2030 LCLU change in NC.

predict the future LCLU changes in 2030 for theirent

state of NC. Conditional

the conditional probability images of land use gatees.

4. CONCLUSION

in combination with validate overall LCLU simulated map of 2006. Based

probability maps and
transitional probability area matrix have been gates

adopted in this study. ROC was used to validate
suitability images created by MCE. KIA was used to

LCLU prediction of NC for year 2030 shows 20%

increase of built up land, 17% decrease of forasd|
from the satellite derived LCLU NLCD datasets (1992 while comparing that with year 1992 (~40 years
2001 and 2006) using the MC analysis. Suitability period). Much of the built-up land (urban expangion
images were produced using the MCE procedure whichs projected to be in the southern, mid and mideras
combines the natural and socio-economic variablés w portion of NC within 2030. About 7% agricultural

land was found to be decreased

in 2030 when

compared with 2001 NLCD data. 8.3% of forest land

Dynamic adjustments and effective land allocatietwieen
the Markov model transition probability areas and were decreased from 1992 to 2006 periods and 8.9%
suitability images have been conducted by MOLA &#d is projected to decrease from 2006 to 2030. Loss of
spatial filters. Two stage validation proceduresreve forest area is projected mostly in western and mid-

,////4 Science Publications 304 AJEAS



Mohammad Sayemuzzaman and Manoj K. Jha / Amerisamdl of Engineering and Applied Sciences 7 (85-306, 2014

western part of NC. No significant changes were Holman, B., L. Kleczek and E. Polk, 2007. The fatof
found for water body and other land cover category. water in North Carolina: Strategies for sustaining
Paegelow and Olmedo (2005; Seiral., 2007) did abundant and clean water. Conference report.
not consider socio-economic variables in their LCLU Nicholas institute for environmental policy solut&
change analysis, although they used the same Markov ~ Duke University, Durham, North Carolina.
CA model. On the other hand, (Toegal., 2012) did  Houet, T. and L. Hubert-Moy, 2006. Modelling and
not consider natural variables (slope, elevation,  Projecting land-use and land-cover changes with a
hydrography) but considered population as a cellular automaton in considering landscape
socioeconomic variable in LCLU change analysis trajectories: An improvement for simulation of
using the same model. This study provided an plausible future states. EARSele Proceed., 5: 63-76

important contribution to LCLU change analysis by :VI?R{,SL 20'%\3:]ID§ISSI§Iark Lab. glngBLliniéerlsié)(b 5
integrating both natural and population variabléoin artinez, A. J., S.S. Seoane and E.D.L. Calabigl

the Markov-CA model. In addition, a large scale Modelllng the risk of Ianc_i cover.change from
application in an urban-rural mixed landscape environmental and socio-economic drivers in
(136,399 krA) may be considered a novel attempt. heterogeneous and changing landscapes: The role of

ncertainty. Landscape Urban Plann., 101: 108-119.
The outcome of the LCLU study presented here BOI: 1OI.1%/16/j.IandurFl)JpIan.2011.01.009

will provide basic information for the integrated Myint, S.W. and L. Wang, 2006. Multicriteria dedisi
assessment and management _of the future water approach for land use land cover change using
resources in the state. The simulation resultsatsm be Markov chain analysis and a cellular automata
considered as a strategic proactive guide for némluof approach. Canad. J. Remote Sens., 32: 390-404.
deforestation, ecological conservation and sustdéa DOI: 10.5589/m06-032
city development planning. While the model has NCOSBM, 2010. County/state population projections.
successfully simulated LCLU changes based on North Carolina Office of State Budget and
natural and population variables, it did not coasid Management, State = Demographics  Branch,
future climate change, fluctuation of development Charlotte, NC.
strategy, government incentives/discouragementénfte =~ Paegelow, M. and M.T.C.Olmedo, 2005. Possibilities
to local farmer's behavior in agricultural land. tée and limits of prospective GIS land cover modeling-a
study plans to address these factors in LCLU aisalys compared case study: Garrotxes (France) and Alta
Alpujarra Granadina (Spain). Int. J. Geographical
Inform. Sci., 19: 697-722. DOI:
10.1080/13658810500076443
Chang, S.Y. and M. Sayemuzzaman, 2014. UsingParker, D.C., S.M. Manson, M.A. Janssen, M.J.
unscented kalman filter in subsurface contaminant ~ Hoffmann and P. Deadman, 2003. Multi-agent
transport models. J. Environ. Inform., 23: 14-22. systems for the simulation of land-use and land-
DOI: 10.3808/jei.201400253 cover change: A Review. Ann. Associat. Am.
Courage, K., A. Masamu, A. Bongo and M. Munyaradzi, Geographers, 93: 314-337. DOI: 10.1111/1467-
2009. Rural sustainability under threat in 3306-9302004 ]
Zimbabwe-simulation of future land use/cover Pontius, R.G. and J. Malanson, 2005. Comparisaheof

changes in the Bindura district based on the structure and accuracy of two land change models.
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