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Abstract  

The aim of this study is to model and predict the process of urbanization in 

Chiang Mai, Thailand using Geographical Information System (GIS) and remote 

sensing (RS). The SLEUTH model is utilized to simulate land use/cover change from 

1952 to 2006 and to predict the patterns of urban extent in 2016. This paper also uses 

the ROC curve and the landscape metrics to evaluate the accuracy in SLEUTH by 

comparing two simulating periods. The result shows that the simulating period will 

impact the predicting accuracy to some degree. In addition, the landscape metrics 

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 

issue around the whole world (Lambin, 2001). With the development of the economy 

and society, the extensity and intensity of land cover change tended to be severer. 

Among the land use studies, the simulation and prediction of urbanization process are 

imperative and highly underscored. Modeling is essential for analyzing, especially for 
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prediction of the dynamics of the urban growth (Clarke & Silva, 2002). Despite some 

failures in the history of modeling land use, there was a renaissance in the last two 

decades since the data quality and availability were improving and the computing 

ability was greatly enhanced (Lee, 1994). Large quantities of models emerged in this 

period; these models included the agents based models, micro-simulation models and 

cellular automata which show great potential and capability to represent land cover 

(Dietzel & Clarke, 2006). In the meantime, some models were developed to forecast 

the future land use condition to evaluate and assess different land use policies.  

The great improvement in geographical information science brought great 

opportunities for the land use models in terms of the data collection, integration as 

well as spatial analysis. Among most of the land use models, GIS technology is 

indispensable in the whole procedures. It provides great foundation and capability to 

handle the land use change tendency from spatial and temporal angles. On the other 

hand, with the development of spatial and spectral resolution in remote sensing, 

remote sensed images provide invaluable data source for land cover in a time series, 

enforcing the accuracy in land use models.  

Among the predicting models, at least six major methods could be used in the 

simulating process. Equation based model is the model relies on equilibrium of the 

demand and provision factors. This kind of method needs to find some specific 

theoretical background such as the economic or employment status to support the 

equation (Kaimowitz, 1998). The second one is statistic based model which normally 

utilizes the statistical method to find out the affecting factors. Hu (2006) applied 
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logistic regression to model urban growth in Atlanta Metropolitan Area. Dynamic 

simulation of socioeconomic factors could be incorporated into this method. The third 

type is system dynamics model which represents land use condition using different 

equations and linking them together by some specific functions (Li & Simonovic, 2002). 

The next one is agent-based model. This kind of model uses autonomous decision 

making agents who interact with environment and other agents to predict land use 

(Dawn et al, 2001). Agent-based model simulates the autonomous behavior of 

different objects and considers their actions and cooperation with others in order to 

achieve goal (Parker, 2003). Cellular automata (CA) is another powerful simulation 

tool which assumes land system is self-organized, heterogeneous and based on 

neighboring rules. Spatial effect is highly taken into account and this method can be 

used to simulate the temporal dynamics. The last one is hybrid model combining the 

previous mentioned models to reflect both natural and socioeconomic factors in the 

whole process.  

As the preceding description implied, there are different types of models and 

consequently, according to different situations, selecting the proper model for 

analyzing is crucial. Considering the essence of the development of the city, it is a 

heterogeneous and self-organized process in which local or neighboring components 

might interact with one another. Consequently, cellular automata (CA) was highly 

emphasized and has been widely used in urban sprawl mechanism, urban theory and 

urbanization effect (Batty, 1999). CA is one kind of models that rely on local 

transformation rules to simulate the complexity in the spatial developing patterns. 
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Among cellular automata, SLEUTH model has been used successfully to simulate 

many cites in the past. It has been used to simulate the urbanization process in 

Baltimore, Washington corridor (Clarke & Gaydos, 1998), Lisbon and Porto in 

Portugal (Clarke & Silva, 2002), San Joaquin County ( Dietzel & Clarke, 2006) and 

so forth. SLEUTH is an acronym for Slope, Land Use, Exclusion, Urban Extent, 

Transportation, and Hillshade. This model consists of two parts: one is urban growth 

model (UGM), mainly used to deal with the urban extension; another part of 

SLEUTH, which is called Deltatron, can encompass the land use data in the model, 

further dividing the urban region into different categories. SLEUTH was first widely 

used in America, and then, some regions in Europe were predicted by this model as 

well. With respect to Asia and Africa, not so many cases have utilized SLEUTH to 

make prediction. A model successfully used in one particular area does not mean it 

can be properly used in other places (Clarke & Silva, 2002). In addition, as the 

parameters obtained from SLEUTH model reflect the pattern or trend of the 

development of the city, some scholars referred these parameters as the “DNA of 

cities” (Caglioni & Pelizzoni, 2006). In view of it, this paper will detect the “DNA” of 

Chiang Mai, using it to predict the future land use condition. 

 A mathematical method called Relative Operation Characteristic (ROC) analysis 

originated from statistical theory in the middle of the twentieth century, then, it was 

successfully used in the medical judgment. ROC mainly tackles the problem in terms 

of binary variables versus ordered variables. Pontius (2001) firstly used this statistics 

in the land use change evaluation and achieved great accomplishment. Wu (2008) 
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used ROC curve statistics to evaluate SLEUTH model in Shenyang, China and 

introduced this method to assess the accuracy of SLEUTH model. 

 Landscape ecology is a discipline which focuses on a large area of land which 

composes various ecosystems. Landscape ecology underscores the spatial structure, 

agent interaction, coordination and compatibility and dynamics. Some studies have 

employed spatial metrics in urban landscape (Gustafson, 1998). These studies found 

that spatial metrics offered improved representation of urbanization and provided a 

link between the physical landscape structure, functionality and process (Barnsley & 

Barr, 1997). 

The calibration in SLEUTH is the most crucial part which determines the 

accuracy and prediction effect in the whole procedure. As a result, many studies have 

been done with regard to the calibration. Xian and Crane (2005) used parallel 

computing to simulate the dynamics and complexity in Tampa Bay urban area; they 

compared different Monte Carlo iteration times to test the accuracy of the result. 

Dietzel (2006) explored that disaggregating oversimplified urban/non-urban data into 

distinct land use classes can make great contributions to the accuracy. However, few 

studies paid attention to the calibration accuracy in terms of time interval and change 

complexity, which are correlated with to what extent the SLEUTH model can capture 

the feature in long period simulation. In this paper, it discusses the relationship 

between the situations in different time intervals and their prediction accuracy. ROC 

and landscape metrics were used to quantify it. At last, this paper will forecast the 

future urbanization condition in Chiang Mai city to 2016.  
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2. Material and Methods 

2.1 Study Area and Data 

The Chiang Mai study area is located in the northern part of Thailand which 

covers 2,415 km2. 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 administrative districts 

of Muang, Mae Rim, Hang Dong, Saraphi, Sansai, Sankamphaeng and Doi Saket (Fig. 

1). In the last 50 years, Chiang Mai underwent a rapid urbanization process and large 

rural area was converted into the urban land (Sangawongse, 2006).  

 

          Fig. 1 Study area, Chiang Mai city in Thailand  

This study utilized several dataset from different sources, including GIS digital 

data, satellite images, topographic maps and ortho-photo images. Table 1 summarized 

the Chiang Mai spatial and temporal data, dating back from 1952 to 2005. Fig.2 

shows the data used in the model.  
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Table 1 
Spatial data source 

Dates Data types Sources 

1952 Topographic Map 

1:50,000 scale 

Royal Thai Survey Department(RTSD) 

1977 Analog Land Use Map 

1:100,000 scale 

Department of Land Development(DLD) 

1985 Landsat MSS TRFIC, Center for Global Change and Earth Observation, USA 

1989 Landsat-5 TM TRFIC, Center for Global Change and Earth Observation, USA 

1989 Digital vector GIS Department of land development Thailand (DLD) 

2000 Digital vector GIS Multiple Cropping Center, Chiang Mai University, Thailand 

2006 Digital vector GIS Department of land development Thailand (DLD) 

Feb. 22,2004 ASTER image USGS/EDC 

                   

 
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 procedures need to be 

done to meet the requirement of the input data. As for the raster data, the digital 

images were geo-rectified to correct the geometry distortion. Use some spatial control 

points collected by GPS on the ground to do the geo-rectification. Then, use the 
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unsupervised ISODATA (Iterative self-organization data algorithm) to classify 

different clusters on the images and examine the result of the classification result, 

repeating the previous steps when necessary. In this study, land was differentiated as 

agriculture land, forest, urban and built up land, water body and miscellaneous land. 

Resample the classified images and project them in uniform coordinate system. For 

the vector data, such as the road layers, similarly, geo-rectification was done in the 

beginning. Then, road hierarchic rank was identified, such as the highway, main road 

and path need to be differentiated in advance. Both raster and vector data need to be 

converted into GIF which is mandatory format in SLEUTH model.  

The input data in SLEUTH model compose at least four urban extent layers, two 

transportation layers, two land use layers (mainly for Deltotron model), and each 

slope, excluded and hillshade layer respectively. To meet the data requirement, 

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 Model (DEM), which was 

achieved from ASTER image. Hillshade image was developed directly from DEM 

that was used as the background image when outputting the image to enhance the 

visualization effect. Excluded layers are defined as the area which limits the growth of 

urban. In this study, it comprised the water body, nature reserve, public green space 

and so forth. In the excluded layer, area suitable for growth has a pixel valued zero 

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

SLEUTH simulates four types of urban expansion: spontaneous growth, new 

spreading center growth (diffusive growth), edge growth (organic growth) 

road-influenced growth and they are controlled by five growth coefficients: dispersion, 

breed, spread, road gravity and slope (Table 2) (Dietzel, 2007). Dispersion is used to 

randomly select the potential new growing cells. Breed means the growth of the urban 

centers from spontaneous development. Spread determines the old or new urban 

centers sprawl and additional growth. The newly urbanized cells growing along the 

transportation network will be detected by the road-gravity variable. Slope represents 

the effect of this kind of terrain which reduces the probability of urbanization. The last 

one, excluded layer is the layer that resists any development within the excluded 

boundary. To run SLEUTH model involves three stages, testing, calibration and 

prediction. Testing is the process inspecting whether the input data conform to the 

required format. As each coefficient has a value ranged from zero to 100, to find the 

best fit and specific value is the purpose of calibration. Calibration utilizes the ‘Brute 

Force’ method and is subdivided into Coarse, Fine and Final stage. In addition, 

SLEUTH includes thirteen metrics to test the accuracy of the simulation process. 

(Table 3) (Dietzel, 2007) Among the thirteen metrics, Lee and Sallee index is the only 

one which can reflect the space matching and was widely used in the previous studies.  

Coarse calibration covers entire value range, from zero to 100, among which the 

interval of 25 was chosen as the step. The value range in the fine calibration depends 

on the result of coarse calibration which has the best three Lee and Sallee indices. The 
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fine stage further narrows down the parametric space. In the last stage, five 

coefficients are obtained which will be used in the prediction phase. Monte Carlo 

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

model circulation times that entails great amount of time for each calibration stage. 

The parameters obtained from the calibration phase can be used to forecast the land 

use condition in certain year.  

Table 2  
Parameters controlling the SLEUTH Model.  
Parameter  Description  

Diffusion value  Determines the overall dispersive of the outward distribution  

Breed Coefficient  The likelihood that a newly generated detached settlement will start on its own growth 

cycle. 

Spread Coefficient  Controls how much contagion diffusion radiates from existing Settlements 

Slope Resistance  Influences the likelihood of development on steep slope 

Road Gravity  Attraction factor that draws new settlements towards and along roads. 

Source: Dietzel, 2007 
Table 3 
Thirteen metrics used to reflect the accuracy  
Name  Description 

Product  All other scores multiplied together  

Compare  Modeled population for final year/actual population for final year 

Pop Least squares regression score for modeled urbanization compared to actual urbanization for the 

control years  

Edges Least squares regression score for modeled urban edge count compared to actual urban edge count 

for the control years  

Clusters Least squares regression score for modeled urban clustering compare to known urban clustering 

for the control years 

Cluster Size  Least squares regression score for modeled average urban cluster size compared to known average 

urban cluster size for control years 

Lee-Sallee A shape index, a measurement of spatial fit between the model’s growth and the known urban 

extent for the control years 

Slope  Least squares regression of average slope for modeled urbanized compared to the urbanized grid 

cells for the control years 

Urban Least squares regression of percent of available grid cells urbanized compared to the urbanized 

grid cells for the control years 

X-Mean Least squares regression of average x-value for modeled urbanized cells compared to average 

x-value of known urbanized control years 

Y-Mean Least squares regression of average y-value for modeled urbanized cells compared to average 
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y-value of known urbanized control years 

Rad Least squares regression of average radius of the circle which encloses the urban grid cells 

F-Match A proportion of goodness of fit across land use classes 

Source: Dietzel, 2007 

In this study, two time periods were selected to test the temporal precision of 

SLEUTH simulation sensitivity. One is from the year 1952 to 2000 (called experiment 

one in the later part of this paper), and the other one dates back from 1977 to 2006 

(called experiment two). There are data overlapped in three years in these two groups 

and can be used to compare the simulation effect. As shown in the first case, 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 the 1952 urban extent 

data but integrated the 2006 one, as for the transportation layer, this group employed 

the road data in 2000 instead of the one in 1952.  

In order to interpret the results, two approaches, ROC curve and landscape 

metrics were used to further analyze them. In the ROC analysis, the predicted 

urbanized and non-urbanized cells were compared with their counterparts in the real 

land use condition. The time period from 1989 to 2000 was selected to test the 

accuracy since this time interval covered both trial groups. Ten probability ranges 

were specified by SLEUTH model, which mean the probability that certain 

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. Then, according to the 

thresholds, ten predicted layers were overlapped with the real urbanized area. Record 

the number of correct and incorrect cells and then, import the data into SPSS to 

analyze the ROC curve.  
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This paper also used landscape metrics to evaluate the internal urbanized 

structure. The landscape metrics reflect the land feature in three levels, namely patch, 

class and landscape. Patch metrics are the micro indices which take each cell into 

account. Class metrics are calculated for each patch type and the last one, landscape 

metrics are used for the entire mosaic space. Fragstats is a public spatial metrics 

program, which was developed in the mid-1990s (McGarigal et al., 2002). This 

software incorporates a large variety of metrics. In this study, Largest Patch Index 

(LPI), Euclidian mean nearest neighbor distance (MNN), Landscape Shape Index 

(LSI), Patch Density (PD) were selected to evaluate the simulation. Table 4 describes 

each metrics this study used in details (McGarigaletal, 2002). LPI can reflect the 

dominance in one region, which can show the uniformity of the landscape. MNN is 

the index used as the opposite to the LPI, which reflects the regional fragmentation. 

LSI is selected as the index because of its ability to illustrate 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 

LPI-Largest 

Patch Index 

LPI equals the area(m2) of the largest patch of the 

corresponding patch type divided by the total area covered by 

urban (m2), multiplied by 100 (to convert to a percentage) 

Percent 0<LPI £ 100 

MNN-Euclid

ian Mean 

Nearest 

Neighbor 

Distance 

MNN equals the distance (m) mean value over all urban 

patches to the nearest neighboring urban patch, based on 

shortest edge-to-edge distance from cell center to cell center. 

Meters MNN>0, 

 No Limit 

LSI-Landsca

pe Shape 

Index 

LSI equals the total length of edge (or perimeter) involving 

the corresponding class, given in number of cell surfaces, 

divided by the minimum length of class edge (or perimeter) 

possible for a maximally aggregated class.  

None LSI ³ 1 
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PD-Patch 

Density 

PD equals the number of patches in the landscape, divided by 

total landscape area (m2), multiplied by 10,000 and 100 (to 

convert to 100 hectares). 

Percent 0<PD £ 100 

Source: McGarigaletal, 2002 
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In Equation 3, hij means the distance (m) from patch ij to nearest neighboring patch of 

the same type, based on patch edge-to-edge distance, computed from cell center to 

cell center. ni means the total number of the patches.  

( )( )in
= 10000 100

A
PD   (4) 

In Equation 4, ni means the number of patches in the landscape of patch type i. 

‘A’ means the total landscape area (m2). 

In this study, the land use patterns for two groups within the overlap years were 

analyzed by four different landscape metrics separately.  

According to the result of this study, if future land use condition confines in a 

short period, SLEUTH model can achieve high accuracy. For this reason, 2006 was 

selected as the base year to simulate the urbanization process in the future ten years. 

By using the five coefficients from experiment two, the urban extent from 2007 to 

2016 was demarcated in the result. Landscape metrics are 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 values were low in both experiments. 

This was the evidence that from 1952 to 2006, the slope factor did not impact the 

urbanization largely. In addition, there was a difference in the diffusive coefficient, the 

group which dated back to 1952 had a low diffusive value but the later one achieved a 

high value. The reason probably lied in that from the mid of the twentieth century to 

1980s, the development of the Chiang Mai city was in a continuous way, not so many 

discrete urban center developed. However, after 1980s, there was a tremendous 

diffusive and discrete area sprawling outward. As for the transportation factors, the 

coefficient in the experiment two was higher than the first group, which means the 

transportation was crucial in the urbanization process, and much new urbanized area 

was developed along the road. This result coincided with the fast development in 

recent transportation system. Table 5, 6 show the result of the calibration.  

Table 5  
Calibration result for experiment ranges from 1952 to 2000 
 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 
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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 1977 to 2006 
 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 95-100 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 Lee and Sallee as the criteria to set 

the value interval in the calibration stage. From the result, the Lee and Sallee value in 

the second group is higher than the first one and its change from coarse calibration to 

final calibration seems to be less drastic than the first group. It proves that the latter 

group captures the feature of the urbanization process better than the first experiment. 

However, the Pop statistics is relative lower than the first group in the coarse and fine 

calibration stages.  

From the result of the ROC analysis, in the first experiment, there are 580 
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positive values and 5597 negative values in the ROC analyzing data set, the Area 

below the curve is 0.705 which is the evidence that the simulation result is acceptable. 

As to the second group, there are 1628 positive values and 5889 negative values, and 

the area below the curve is 0.733. If the ROC value interpreted as 0.5, it means the 

simulation result is completely random and if the value equal to 1, it shows perfect fit. 

A score between 0.7-0.9 is acceptable and if it is lower than 0.7, then, precision is not 

enough. From ROC curve analysis, the latter group is better (Fig. 3). 

 

         Fig.3 the comparison for the ROC curve in two conditions 
 

In the landscape metrics test, each matrix in 1989 seems to be more accurate than 

the one in 2000 since it approximates to the real line segments. As to the Patch 

Density, it is a fundamental index for testing the land use condition. According to the 

Fig. 4, the density of the urban area increased greatly from 1977 to 1989 and the 

speed decreased from 1989 to 2000. In this matrix, the second experiment captures 

the feature of the urbanization better than the first group. The landscape patch index 

can reflect the dominance of the landscape. When the value equals to 100, that means 

the entire landscape consists only one type and this type comprise 100% of the whole 

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

group is more approximate to the true value. The nearest neighborhood index 

embodies the adjacency between patches. This value can show the fragmentation of 

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

well. The distance between different patches decreases as time passes. The landscape 

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

shape index increases from 1977 to 1989 and then, decreases slightly which means the 

shape becomes irregular in general as time develops. 
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Fig. 4 Four landscape indices for two experiments 

 

According to the urban extent in 2006, using the coefficients from experiment 

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

in 2016 increases which means the urban area will become denser than before. The 
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Largest Patch Index increases further, which is the evidence that the dominance of 

urban area will still be intensified. The Landscape Shape Index increases to 51.5876, 

which demonstrates that patches for urban cells will aggregate than previous ones. 

The last one, nearest neighborhood index reflects the urban region will become even 

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

 

      
Fig. 5 The predicted urban area in 2007 (left) and 2016 (right) 

4. Conclusion and Discussion  

4.1 Temporal Accuracy  

Compare to the previous studies, the Lee and Sallee metrics are not high enough 

in both experiments which mean the spatial matching degree is limited. From the 

ROC and landscape metrics analysis, experiment two is better than its counterpart. 

Thus, the time period in the SLEUTH is one of the important factors. This study also 

extracted the Lee and Sallee metrics from previous studies; table 7 lists some Lee and 

Sallee metrics which can be found in the literature. Since some scholars did not list 

their Lee and Sallee in their papers or they did not use this matrix to evaluate 

SLEUTH model, only seven values were found. A simple linear regression was 
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analyzed using Lee and Sallee as independent variable and time period as dependent 

variable. From the eqation y = -0.0089x + 0.7737, R2 = 0.758, it can be concluded that 

with the development of time, the Lee and Sallee matrix will drop slightly, As a result, 

if the simulated year spans a long time, it is hard to achieve high accuracy. Actually, 

the longer the simulated time spans, the more tremendously the land use changes. 

SLEUTH may encounter some obstacles when facing drastic land use change. Besides, 

if the simulated period covers a long time, the urbanization process can be quite 

complex. One example could be the shrink of the city. SLEUTH model considers the 

spontaneous, diffusive, edge growth and road influenced growth. All the coefficients 

only control the growth phenomenon. But what if some urban area degenerates or 

shrinks, this model may feel impotent to deal with it. In this study, from 1989 to 2000, 

although large area was urbanized, some area in the south west Chiang Mai shrank. 

As a result, it is hard for SLEUTH to capture this kind 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��

California�§ 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 the landscape metrics were used to 

evaluate the accuracy. ROC was introduced into the land use study by Pontius (2001), 
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followed by some scholars using this statistic to evaluate the logistical regression 

model (Hu, 2007). ROC is a prominent test method for binary model; it can detect the 

sensitivity for the land change models. Instead of analyzing the model in an 

aggregated way, this statistic can measure the accuracy in different threshold level, the 

more the threshold sets, the higher the accuracy may achieve. But in the meanwhile, 

the magnitude of computation will also increase (Pontius et al., 2003). In this study, 

ROC curve statistic was utilized to compare the accuracy for two groups, and in both 

groups, results are acceptable. ROC is a macro statistic which is able to measure the 

entire sensitivity, but it cannot evaluate the spatial matching relationship. In other 

words, to capture to detail simulating effect is not the advantage of ROC analysis. 

This is the reason that why landscape metrics were pulled into this study to verify the 

spatial change characteristic. Wu (2008) used the landscape metrics to evaluate the 

SLEUTH accuracy in Shenyang, China and it demonstrated that these metrics were 

powerful weapons to appraise the accuracy. In this study, land use change from 1977 

to 2000 was analyzed by different metrics. It was evident that SLEUTH can grasp the 

characteristic of the land use change in a large degree although sometimes appeared 

some discrepancies. When the simulated period is within a short time or the land use 

condition does not undergo a drastic change, the SLEUTH model can achieve great 

consistency.  

4.3 Accuracy Metrics  

In SLEUTH model, there are thirteen metrics to appraise the accuracy in the 

stage of calibration. In the studies before, various metrics were used to control the 

accuracy. According to different metrics, the parametric set may differ from any other 
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to a large extent. Some scholars used different metrics or the combination of various 

metrics to determine the goodness of fit. Jantz et al. (2004) used the compare, 

population, and Lee and Sallee statistic in Washington-Baltimore metropolitan area, 

while in Atlanta, Yang and Lo (2003) used a weighted sum of all the metrics to judge 

the best parameters. So far, there is no certain solution to choose proper evaluation 

metrics. Although the Lee and Sallee matrix is able to inspect the spatial matching 

degree, to achieve high Lee and Sallee index is not easy and sometimes impossible. 

Only when the land cover changes slightly can this value be very high. Using some 

combination of the metrics to appraise this model is another topic which needs to be 

further discussed. As with two experiments in this study, although result in the second 

group seems to be more accurate, the Pop statistics is not high enough, even lower 

than the first group. As a result, to evaluate the model using different statistics might 

lead to distinct results, which should be aware of in the simulation process.  

4.4 Manual Control  

The parametric set obtained from automatic calibration slightly deviated from the 

real condition. One alternative is to change the self-modification value. SLEUTH also 

has a self controlling function called ‘self-modification’ (Clarke et al, 1997) which 

allows the coefficients change according to the growing speed. This mechanism is 

designed to simulate the rate of the urban growth so that the model can realistically 

reflect the different speed of the sprawl. When the rate of the growth exceeds a certain 

threshold, the coefficients will be multiplied by a factor greater than one, to simulate 

the boom cycle. Likewise, when the rate of the development falls below a specified 
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critical threshold, the growth coefficients will be multiplied by a factor below than 

one. Without this self-modification, SLEUTH will simulate in a linear way (Jantz, 

2004). However, sometimes even using the self-modification still cannot satisfy the 

optimum parametric set. As a result, another alternative is manually modifying the 

five coefficients according to the real urbanized extent.  

 

4.5 The status of Geographical Information System (GIS) and Remote Sensing (RS). 

In SLEUTH modeling, many stages in this model need the support from GIS and 

remote sensing. In the data collecting stage, remote sensed photo is absolutely ideal 

data source. In that reason, a series of remote sensing technology will be utilized to 

prepare required data. In addition, a variety of vector based data need GIS to calculate, 

modify, classify and convert. In the evaluation stage, GIS is indispensable to compare 

spatial match extent, extract the urbanized cells in different probabilities, visualize the 

outcomes and so forth. Consequently, to integrate these three components, GIS, RS 

and land use simulation tightly might be one of the study directions in land use/cover 

change research.   

4.6 Suggestion for Improvement  

As mentioned before, SLEUTH model consists of two parts, urban growth 

model (UGM) and Deltatron. In this study, The Deltatron model was not incorporated. 

Some previous studies presented that disaggregating urban and non-urban land 

information into different categories in Deltatron model could make a different in land 

simulation effect (Dietzel, 2006). Therefore, some land use layers will be classified 
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and incorporated into the Deltatron model in the following research. Besides, Monte 

Carlo iteration times is another factor which may impact the simulation effect. In this 

study, four, six and eight times were set to coarse, fine and final calibration 

respectively. According to the study carried out by Xian (2005), these Monte Carlo 

iteration times are in the fluctuating stage. In that reason, if the computation power 

permits, higher Monte Carlo iteration times will be set in the future study.   

Due to the intensive computation requirement, the finest resolution is 50 meter. 

Although this resolution is acceptable compared to the previous studies, to test the 

accuracy impacted by the spatial resolution, some finer resolution is needed. In this 

study, only two time periods were compared, to ascertain the conclusion, some other 

urban extent layers and transportation layers in different years need to be analyzed. In 

another word, some spatial and temporal consideration will be emphasized in the 

future study.  

Since SLEUTH model expresses great superiority with respect to traffic, terrain, 

urban heterogeneity, it can simulate the urban pattern where these features are 

dominant. However, the development of urban region is a process which combines the 

geophysical and human socioeconomic factors together and both macro and micro 

scales should be considered. Therefore, the SLEUTH model itself seems impotent to 

be versatile in all aspects. As a matter of fact, almost all of the models are not able to 

deal with all the factors which impact land use change. Regarding to this issue, two 

camps of studies that analyze the land use change pattern are always compared with 

each other. One is top down method, represented by the spatial regression models and 
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equation based models, which attempt to find the major driving forces first, and then, 

using them to predict the future land change. The other group is bottom up model 

which focuses on the local relationship between the neighboring cell and their 

interaction. SLEUTH model is one kind of bottom up model. To compare the 

difference of the two camps of models and to further understand the pros and cons of 

the SLEUTH model, using a control group which comes from the top down camps is 

significant and necessary. For these reasons, perhaps some other models could be 

added and make a comparison between them. By doing so, not only the top down 

models will be analyzed in this context, but the potential relationship might be 

detected as well.  
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