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Abstract 

 
This study aimed to develop an urban sprawl model transition rule algorithm based 

on land coverage indicators in a cellular automata grid framework. This study 

attempts to identify various attributes that impact land coverage in a spatial grid cell 

using statistical and spatial analysis methods. This concept provides a theoretical and 

methodological basis for developing a more comprehensive urban sprawl simulation 

model. The results indicated three determinant factors for the condition of land 

coverage in a cellular automata spatial grid cell: built-up land conditions, slope 

gradients, and the availability of road network infrastructure. The concept of the 

algorithm found can be expressed through the following statements: 1) built-up land 

in a particular spatial grid will be influenced by the condition of built-up land in 

neighboring grid cells, with a determination of 67%; 2) every one unit increase in the 

average area of built-up land in neighboring cells will be associated with the same 

phenomenon in a particular grid cell of 1.08 units; 3) built-up land on each spatial 

grid is correlated with the slope gradient and the availability of road network 

infrastructure on the spatial grid; 4) the flatter the slope condition of a spatial grid 

will be associated with higher built-up land in the spatial grid cell; and 5) the better 

the road infrastructure availability on a particular spatial grid will be associated with 

higher built-up land. 

 

 

Keywords: Urban Sprawl, Transition Rule Algorithm, Cellular Automata, Built-
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INTRODUCTION  
Urban sprawl, or the expansion of urban areas characterized by low-density 

development and outward expansion, is often viewed negatively because of its 

association with various environmental and social problems such as increased 

land consumption, traffic congestion, and air pollution. Urban planners and 

policymakers should implement strategies to address the challenges of urban 

expansion, involving a smart growth approach that emphasizes efficient 

development management through mixed-use land zoning, the optimization of 

green open spaces, and community involvement in planning. These strategies aim 

to improve infrastructure efficiency and reduce open space fragmentation. In 

addition, urban densification through vertical development or more efficient land 

use helps reduce the need for expansion to the outskirts, thereby protecting 

ecosystems and productive land around the city. 

Manado City, the capital of North Sulawesi Province in Indonesia, is an 

urban area that is inseparable from urban sprawl. This development is 

characterized by low population density, unplanned development patterns, and 

inconsistent changes in land use, especially on the outskirts. The spatial structure 

of Manado City is monocentric within certain boundaries of the city center but is 

starting to shift to a polycentric pattern in the suburbs. In peri-urban zones, a 

significant challenge is urban sprawl and its associated impacts, including 

fragmentation of green open spaces, increased dependence on private vehicles, 

and higher infrastructure investment and maintenance costs (Rogi et al., 2024). 

This condition often occurs because of leapfrogging development, reducing 

spatial efficiency. Consequently, green open spaces are converted into 

settlements or commercial areas, separate from the city center. (Bambulu et al., 

2018). Urban sprawl in Manado has negative consequences such as increasing 

infrastructure management costs, decreasing environmental quality, and 

increasing transportation burdens. One solution could be the application of the 

compact city concept, which encourages the efficient land use and focuses on 

settlement density and diversity of land functions to support sustainability (Tilaar 

et al., 2017). 

Understanding the characteristics of urban sprawl in an area provides 

insights into its growth patterns and determinants, allowing better prediction. One 

approach for understanding urban sprawl is the cellular automata method. An 

advantage of this method is its ability to capture complex spatial dynamics. Each 

cell in the model represents a land unit that can change its status based on certain 

transition rules, allowing for the observation of how changes in one location can 

trigger changes in others. Cellular automata are useful tools for spatial planning 

and decision-making related to urban growth management. 

This study aimed to develop a transition rule algorithm to model urban 

sprawl based on built-up land or open-space indicators within the framework of 
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a cellular automata grid. Through an analysis of the attributes of an urban cell, 

this study attempted to identify the determinant factors that influence the 

conditions of built-up land or open space, which were then used to formulate the 

algorithm concept. Statistical and spatial analysis methods were used to link these 

attributes to built-up land or open space conditions. These results provide a 

theoretical and methodological basis for developing a more comprehensive urban 

sprawl simulation model. 

 

LITERATURE REVIEW 
On Urban Sprawl 

Urban sprawl is a phenomenon of uncontrolled urban expansion characterized by 

high land consumption, low population density, and landscape fragmentation 

(Sudhira et al., 2012). According to Soetomo (2013), urban sprawl is a model of 

urban extension that occurs horizontally, leading to the formation of "mega 

urban" areas. Urban sprawl is an inefficient form of development (Bento et al. 

2006). Sprawling negatively impacts the environment, resulting in loss of natural 

habitat, decreased water quality, and greenhouse gas emissions (Ewing & Rong, 

2008). Urban expansion can lead to longer travel times, increased dependence on 

motorized vehicles, and reduced walking ability (Ewing & Cervero, 2010). 

Brueckner (2000) states that the normal expansion of urban spaces is 

primarily caused by an increasing population and income, and decreasing travel 

costs. However, incorrect policies can negatively distort this process and justify 

negative perceptions surrounding the sprawl phenomenon. Burchell & Mukherji 

(2003) indicate that compared to urban sprawl, intelligently managed physical 

growth of cities can save human and natural resources extensively. 

Hasse & Lathrop (2003) measure sprawl in housing units using five 

variables as sprawl characteristics, namely building density, leapfrog 

development patterns, segregated land use, development within the reach of the 

road network (highway strip), and distance to the city center (node 

inaccessibility). Burchfield et al. (2005) define the sprawl index as the percentage 

of undeveloped land around an average urban residence. Angel et al. (2007) state 

that five attributes should be considered while measuring urban sprawl, one of 

which is the reduced continuity of built-up areas and the fragmentation of open 

spaces. 

A significant indicator of sprawl is the open-space ratio. This metric is 

defined as the proportion of unbuilt areas within an area (Tan & Sia, 2019). Open 

spaces have many benefits such as providing space for recreation, improving air 

and water quality, and reducing the heat island effect (Benedict & McMahon, 

2006). One study showed that sprawl is negatively correlated with the ratio of 

open spaces: the higher the level of sprawl, the lower the ratio of open spaces 
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(Sudhira et al., 2012). This was because of the conversion of open land into built-

up areas for housing, commerce, and infrastructure. 

 

Cellular Automata and Its Transition Rules Algorithm 

The cellular automata method is a computational model that can be used to 

simulate complex spatial phenomena such as urban sprawl. With its ability to 

simulate spatial and temporal changes in land use, this method allows us to 

determine how complex and nonlinear urban growth patterns are. Cellular 

automata can integrate various factors that influence urban growth, such as 

government policies, accessibility, and community preferences. This method can 

also be used to project future scenarios and evaluate the impacts of various 

policies on urban growth patterns (Batty & Xie, 1994; Batty et al., 1999). 

Cellular automata are dynamic models that are discrete in time, space, 

and state (Balzter et al. 1998). The basic concept of cellular automata is that a 

spatial grid cell can be conditioned based on the variation in its neighborhood 

cells, that can be viewed through two approaches: the Moore neighborhood 

concept, which consists of eight cells surrounding a central cell in two 

dimensions, and the Von Neumann neighborhood, which consists of four cells 

orthogonally surrounding a central cell in two dimensions (Basse, 2013). 

The primary component of cellular automata is the definition of 

transition rules that determine changes in the conditions of certain attributes in a 

geographic process. Various methods have been used to describe the transition 

rules of cellular automata, such as multi-criteria evaluations, regression models, 

and artificial neural networks (Cao et al., 2015). Using its transition algorithm, 

cellular automata can predict the potential sprawl development, evaluate the 

impact of different policies on sprawl, and identify effective strategies for 

controlling sprawl. 

Several studies have shown that cellular automata can be used to 

simulate sprawl with high accuracy. These models consider factors such as 

population density, accessibility, and land-use zoning (Wu & Webster, 1998; 

Tsai, 2005; Pinto et al., 2021). 

 

RESEARCH METHODOLOGY 

In general, this research was conducted with the following steps: 

 
1) Preparation. At this stage, the scope of the study area in the peri-urban area of 

Manado City was determined and divided into a cellular automata grid 

framework. 

2) Data Collection. The collected data included the spatial data of the study area, 

describing the variation in cell attributes in the area grid. 
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3) Data Analysis. The analysis included a) spatial analysis to explore the sprawl 

pattern in the study area, especially based on open space indicators and built-

up land as a complement; and b) statistical analysis of the condition of urban 

cell attributes according to the grid framework. In this analysis, the 

intercorrelation patterns between various urban cell attributes and built-up 

land and open space conditions were examined to identify the factors that 

contribute to sprawl. 

4) Conceptualization of the Transition Algorithm. The concept of the urban cell 

condition transition algorithm, which indicates the sprawl phenomenon, was 

developed based on the intercorrelation tendencies between urban cell 

attributes, particularly built-up land and open space. 

5) Drawing Conclusions and Formulating Recommendations. 

 

RESULT AND DISCUSSION 
Overview of Study Area and Grid Division of Cellular Automata Framework 

This study is located in Malalayang District, one of the peri-urban areas of 

Manado City. It was chosen because it exhibits the phenomenon of urban sprawl, 

where built-up land distribution indicates a significant fragmentation of green 

open spaces in the city image map. For data collection in the cellular automata 

framework, the study area was derived from several grids measuring 500 × 500 

m, which were observation units for collecting attribute data. Each grid had an 

area of 250,000 m2 (25 Ha). The delineation of the study area and division of the 

cellular automata framework grid are shown in Figure 1. 

 

 
Figure 1. Delineation & Cellular Automata Grid Framework of Study Area 

Source: Geoportal Site Data, Field Observation & Interpretation of Research Team 

 

Basic Data According to Cellular Automata Grid 

Based on grid division, some grid attributes were recorded, which were 

considered as variables in the development of urban sprawl transition rules in the 

cellular automata framework. In general, two groups of grid data attributes exist. 

The first is an attribute that has the potential to be a dependent variable in the 
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transition rule algorithm as well as the main indicator of the urban sprawl 

phenomenon, namely, the area of built-up land that is complementary to the area 

of open space in each grid. This attribute is also considered an independent 

variable that determines the sprawl conditions in the neighboring grid cells. 

Second, other attributes have the potential to be independent variables 

(determinants) in the transition rule algorithm, including slope conditions, road 

infrastructure availability conditions, and accessibility distance conditions for 

certain public facilities such as education, health, trade and services, and 

government. Built-up land attributes were recorded in units of hectare (Ha) per 

grid. Other attributes were recorded in score units, each with a certain range, with 

low scores representing conditions that were perceived as bad and high scores 

representing conditions that were perceived as good in the context of encouraging 

physical growth in the area in question and its neighboring grids. These data were 

obtained from several secondary data sources, including image maps and shape 

files accessed at the geoportal site, along with field observations. Figure 2 shows 

the spatial data for each attribute presented above for each grid of the study area. 
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Figure 2. Thematic Maps of Grid Attribute Data of Study Area 

Source: Geoportal Site Data, Field Observation & Research Team Interpretation 

 

Referring to the thematic map above as well as the quantification of 

each attribute, basic data were obtained from seven attributes observed in a total 

of 96 (ninety-six) grid cells in the study area. 

 

Data Processing for Analysis Input 

Basic data obtained is further processed and prepared as input for analysis to 

identify potential sprawl growth transition rules within the cellular automata grid 

framework. A correlation analysis is conducted between the attributes of the 

sprawl indicator variables in a given grid cell, particularly, the condition of built-

up land, and various attributes in directly adjacent grids cells. These neighboring 

grid cells are considered determinant variables influencing the sprawl indicator 

in the observed grid cell. Figure 3 shows a map of the grid positions in the study 

area as a cellular automata framework. The lighter-colored grid cells are the 

observed grid cells because each has directly adjacent grid cells on the top, 

bottom, left, and right sides of the cell. For example, grid cell C2, as one of the 

observed grid cells, has 4 adjacent grid cells, each of which is B2, C1, C3, and 

D2. 
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Figure 3. Cellular Automata Grid Framework of Study Area 

Source: Processed Data Results of Research Team 

 

In the correlation analysis, there were two groups of data: 1) internal 

attribute or observed grids, which were theoretically positioned as dependent 

variables, and 2) adjacent grid attributes, which were viewed as independent 

variables or those estimated to influence the condition of the internal attribute or 

observed grids. The first group includes the built-up land area (Y1), which is 

complementary to the open space area (Y2) and the open space fragmentation 

index (Y2/Y1). The value of the first data attribute in each observed grid cell is 

the same as that of the basic data obtained. The second dataset includes the 

average value of built-up land area (X1), slope gradient score (X2), road 

infrastructure availability score (X3), and the score of the distance of accessibility 

to educational facilities (X4), health (X5), trade and services (X6), and 

government (X7) in the four grid cells that are directly adjacent to the observation 

cell. Referring to the description of data processing above, Table 1 shows a 

recapitulation of the distribution of the values of each variable in each observation 

grid cell, which includes the values of the variables in the 61 observed grid cell 

units. These processed data are then used as input at the analysis stage, especially 

for correlation and regression analyses, to identify the possibility of a sprawl 

growth transition rule algorithm in the cellular automata grid framework. 

 
Table 1. Data Processing Results for Analysis Input 

Data 

Numbe

r 

Grid 

Name  

Y1 

(Ha) 

Y2 

(Ha) 

(Y2/Y1

) 

X1 

(Ha) 

X2 

(Score) 

X3 

(Score) 

X4 

(Score) 

X5 

(Score) 

X6 

(Score) 

X7 

(Score) 

1 B.10 23,49 0,00 0,00 18,54 4,78 0,86 2,15 1,62 2,01 1,17 

2 C.2 19,41 5,59 0,29 13,72 4,02 1,45 1,95 1,23 1,67 1,09 

3 C.3 14,05 10,95 0,78 13,15 4,08 1,49 2,06 1,26 1,68 1,11 

4 C.4 16,25 8,75 0,54 16,27 4,26 1,59 2,30 1,38 1,71 1,19 

5 C.5 23,44 1,56 0,07 17,30 4,61 1,41 2,48 1,56 1,72 1,27 

6 C.6 23,87 1,13 0,05 17,52 3,47 0,98 2,42 1,63 1,79 1,33 

7 C.7 24,83 0,17 0,01 18,38 3,65 1,04 2,25 1,44 1,87 1,34 

8 C.8 24,83 0,17 0,01 19,40 4,80 1,28 2,13 1,43 1,85 1,27 

9 C.9 25,00 0,00 0,00 22,59 4,83 1,25 2,19 1,43 1,79 1,24 

10 C.10 23,97 1,03 0,04 23,25 4,51 1,19 2,28 1,41 1,84 1,15 
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11 C.11 24,34 0,66 0,03 23,73 4,52 1,31 2,16 1,52 1,81 1,13 

12 D.2 14,94 10,06 0,67 15,59 4,13 1,13 2,02 1,23 1,72 1,13 

13 D.3 13,14 11,86 0,90 15,45 4,06 1,19 2,10 1,31 1,74 1,15 

14 D.4 23,35 1,65 0,07 17,24 4,13 1,10 2,29 1,48 1,77 1,21 

15 D.5 23,86 1,14 0,05 21,12 4,37 1,24 2,37 1,67 1,76 1,26 

16 D.6 21,79 3,21 0,15 23,43 4,49 1,23 2,27 1,68 1,76 1,28 

17 D.7 24,83 0,17 0,01 23,65 4,60 1,19 2,13 1,57 1,82 1,31 

18 D.8 24,65 0,35 0,01 24,49 4,54 1,24 2,04 1,38 1,75 1,33 

19 D.9 23,99 1,01 0,04 23,03 4,48 1,20 2,14 1,40 1,71 1,24 

20 D.10 20,18 4,82 0,24 23,68 4,27 1,19 2,27 1,35 1,64 1,15 

21 D.11 24,88 0,12 0,00 22,76 3,97 1,06 2,15 1,33 1,76 1,13 

22 D.12 22,55 2,45 0,11 23,08 4,01 1,02 1,87 1,37 1,80 1,08 

23 E.2 11,07 13,93 1,26 12,35 3,93 1,10 2,09 1,22 1,78 1,18 

24 E.3 9,48 15,52 1,64 13,76 4,01 1,14 2,23 1,35 1,79 1,19 

25 E.4 15,70 9,30 0,59 13,01 3,95 1,22 2,29 1,50 1,78 1,20 

26 E.5 15,88 9,12 0,57 16,63 4,01 1,05 2,24 1,65 1,73 1,20 

27 E.6 21,15 3,85 0,18 20,50 4,26 1,15 2,16 1,70 1,69 1,20 

28 E.7 23,34 1,66 0,07 20,94 4,07 1,17 2,01 1,58 1,72 1,24 

29 E.8 24,33 0,67 0,03 21,54 4,43 1,11 2,11 1,46 1,72 1,27 

30 E.9 22,28 2,72 0,12 21,80 3,95 1,27 2,17 1,38 1,61 1,24 

31 E.10 21,89 3,11 0,14 20,87 3,93 1,19 2,14 1,28 1,73 1,17 

32 E.11 23,97 1,03 0,04 20,38 3,56 1,13 2,06 1,24 1,75 1,07 

33 E.12 21,09 3,91 0,19 23,16 3,89 1,17 1,94 1,24 1,90 1,09 

34 E.13 23,20 1,80 0,08 23,47 3,86 0,61 1,72 1,34 1,95 1,08 

35 F.2 9,63 15,37 1,60 12,53 4,24 0,85 2,17 1,25 1,81 1,21 

36 F.3 15,13 9,87 0,65 9,86 3,88 0,82 2,27 1,37 1,80 1,21 

37 F.4 3,33 21,67 6,51 13,22 3,92 1,06 2,28 1,50 1,76 1,20 

38 F.5 5,82 19,18 3,30 14,28 3,84 1,14 2,20 1,59 1,67 1,15 

39 F.6 20,98 4,02 0,19 11,86 3,64 1,19 2,08 1,62 1,62 1,14 

40 F.7 13,47 11,53 0,86 15,55 3,95 0,83 2,05 1,57 1,59 1,17 

41 F.8 15,92 9,08 0,57 16,60 4,03 1,32 2,15 1,47 1,65 1,22 

42 F.9 16,99 8,01 0,47 16,10 4,03 1,41 2,25 1,39 1,70 1,22 

43 F.10 17,04 7,96 0,47 16,60 3,64 1,17 2,20 1,29 1,78 1,15 

44 F.11 13,63 11,37 0,83 17,70 3,78 1,12 2,10 1,21 1,91 1,11 

45 F.12 22,92 2,08 0,09 18,89 3,63 1,13 1,92 1,26 1,94 1,07 

46 F.13 24,25 0,75 0,03 20,04 3,84 1,19 1,81 1,33 1,99 1,07 

47 G.6 6,98 18,02 2,58 10,85 3,45 0,55 2,08 1,58 1,59 1,13 

48 G.7 1,98 23,02 11,66 8,15 3,63 1,02 2,10 1,55 1,64 1,16 

49 G.8 11,61 13,39 1,15 8,14 3,83 0,76 2,23 1,48 1,66 1,22 

50 G.9 9,17 15,83 1,73 10,87 3,78 0,95 2,31 1,40 1,77 1,22 

51 G.10 13,87 11,13 0,80 10,31 3,46 1,35 2,26 1,33 1,88 1,18 

52 G.11 6,87 18,13 2,64 15,16 3,66 1,02 2,13 1,29 1,96 1,15 

53 G.12 16,61 8,39 0,51 15,14 3,81 1,00 2,00 1,30 1,99 1,11 

54 G.13 22,36 2,64 0,12 18,18 3,77 1,30 1,86 1,34 1,94 1,08 

55 G.14 15,00 10,00 0,67 17,53 3,70 1,59 1,71 1,38 1,93 1,09 

56 H.7 0,52 24,48 46,88 2,80 3,41 0,00 2,17 1,53 1,68 1,19 

57 H.8 5,50 19,50 3,55 3,66 3,63 0,36 2,27 1,48 1,76 1,23 

58 H.9 1,02 23,98 23,55 6,10 3,41 0,75 2,34 1,42 1,85 1,24 

59 H.10 8,18 16,82 2,06 9,20 3,08 0,50 2,29 1,37 1,95 1,22 

60 H.11 16,54 8,46 0,51 6,50 3,04 0,75 2,19 1,34 1,99 1,18 

61 H.12 8,42 16,58 1,97 15,14 3,59 0,75 2,05 1,34 1,97 1,14 

Source: Recapitulation of Processed Research Team Data Results 
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Analysis Result & Interpretation 

Referring to the processed data, the next stage is a correlation analysis, which 

aims to identify the strength and direction of the relationships between the 

observed variables. Correlation analysis was conducted using the Pearson 

product-moment quantitative data correlation analysis method, which was 

calculated using Microsoft Excel. The results of the correlation analysis that have 

been carried out are presented in full in Table 2. 

 
Table 2. Correlation Analysis Results 

  Y1 Y2 Y2/Y1 X1 X2 X3 X4 X5 X6 X7 

Y1 1          

Y2 

-

0,9996438

6 

1         

Y2/Y

1 

-

0,5665429

8 

0,5656098

34 
1        

X1 
0,8166758

55 

-

0,8151164

6 

-

0,5189694

5 

1       

X2 
0,5370322

23 

-

0,5422652

4 

-

0,3151772

3 

0,6310045

78 
1      

X3 
0,4963432

8 

-

0,4919376

6 

-

0,5576780

8 

0,5346536

64 

0,4737474

23 
1     

X4 

-

0,1678318

5 

0,1670291

84 

0,1161668

95 

-

0,2622475

5 

0,0882111

91 

-

0,07988

472 

1    

X5 
0,0494559

95 

-

0,0545889 

0,1224371

74 

0,0084550

46 

0,2278085

92 

-

0,12635

705 

0,3911612

38 
1   

X6 
0,1168651

16 

-

0,1235880

5 

-

0,1214628

8 

0,0717478

33 

-

0,1705289

3 

-

0,11031

287 

-

0,2752918

7 

-

0,3360242

6 

1  

X7 
0,0904719

12 

-

0,0893474

4 

0,0482507

2 

0,0045371

71 

0,2951092

91 

-

0,04548

726 

0,6521993

58 

0,4965929

1 

-

0,2320181

2 

1 

Source: Results of Research Team Analysis 

 

The results indicate that between the first data group (Y1, Y2, and 

Y1/Y2) and the second data group (X1 to X7), significant correlation coefficient 

figures only occur between the three variables of the first data group with three 

variables from the second data group, namely variables X1, X2, and X3, with 

correlation coefficient values in the range of (+/-) 0.5 to 0.8, indicating a moderate 

to high level of correlation, both in the same direction (between Y1 and X1, X2, 

and X3) and in the opposite direction (Y2 and Y2/Y1 with X1, X2, X3). The 

correlation between the variables X4 and X7 can be ignored because their values 

approach 0. This indicates that the observed grid’s land cover conditions, both 
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built-up land and open space areas (Y1 and Y2), were significantly correlated 

with the conditions of built-up land area (X1), slope gradient (X2), and 

availability of road infrastructure (X3) in adjacent grid cells. The positive 

correlation between the internal grid variable (Y1) and the three adjacent grid 

variables (X1, X2, and X3) indicates that high built-up land area, slope gradient 

score, and road infrastructure availability score in cells directly adjacent to an 

observed grid cell are also associated with high built-up land area inside the 

observed grid cell, and vice versa. The negative correlation between the unbuilt 

land area (Y2) and open space fragmentation index (Y2/Y1) with the other three 

variables can be understood logically in connection with the fact that the Y2 value 

is complementary to the Y1 value. This is also confirmed by the correlation 

coefficient value between the variables of the first data group, namely between 

variables Y1 and Y2, which have values close to 1, and between Y2/Y1 and Y1 

and Y2, which have relatively the same values but in opposite directions. In the 

scope of the second group of data, it can be observed that between variables X1, 

X2, and X3, each has a fairly significant (moderate) level of intercorrelation, with 

a value of approximately 0.5, and is positive in the same direction. A significant 

and positive correlation was also observed between variables X4 (access to 

educational facilities) and X5 (access to health facilities), and variable X7 (access 

to government facilities). 

Hence, to identify the urban sprawl transition rule algorithm within the 

cellular automata framework, the internal grid built-up land area variable (Y1) or 

the open space area variable (Y2) can be positioned as an indicator of the sprawl 

phenomenon of a spatial unit grid is influenced by at least three variables in the 

grid cells directly adjacent to the grid, which in this case include the built-up land 

area variable (X1), slope gradient score (X2), and road infrastructure availability 

score (X3). 

Furthermore, the transition rule algorithm in question was identified using 

multivariate regression analysis involving variable Y1 as the dependent variable 

and variables X1, X2, and X3 as the independent variables. This multivariate 

regression analysis was conducted through Microsoft Excel. The results are 

presented in Table 3. 
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Table 3. Results of Stage 1 Regression Analysis 

 
SUMMARY OUTPUT 

Regression Statistics 

Multiple R 0,819838597 

R Square 0,672135326 

Adjusted R 

Square 
0,65487929 

Standard Error 4,201141052 

Observations 61 

ANOVA 

  df SS MS F Significance F 

Regression 3 2062,393241 687,4644137 38,95073847 7,9451E-14 

Residual 57 1006,02641 17,64958614   

Total 60 3068,419651       

  Coefficients 
Standard 

Error 
t Stat P-value Lower 95% Upper 95% 

Lower 

95,0% 

Upper 

95,0% 

Interc

ept 

-

2,98573175

4 

5,87744680

8 
-0,50799809 

0,61341499

9 

-

14,7551159

8 

8,78365246

9 

-

14,7551159

8 

8,78365246

9 

X1 
1,00371407

2 

0,13710607

4 

7,32071190

8 
9,29198E-10 

0,72916389

3 
1,27826425 

0,72916389

3 
1,27826425 

X2 
0,32062527

9 

1,79067533

3 

0,17905271

4 

0,85853125

2 

-

3,26514022

4 

3,90639078

3 

-

3,26514022

4 

3,90639078

3 

X3 
2,01752362

6 

2,30859219

9 

0,87391945

1 

0,38582930

9 

-

2,60535251

1 

6,64039976

3 

-

2,60535251

1 

6,64039976

3 

Source: Results of Research Team Analysis 

 

The results indicate that some interpretations can be proposed. First, 

with an 'R Square' value of 0.67 (level of correlation between the predictive and 

factual values of the Y1 variable), it can be interpreted that approximately 67% 

of the variation in the Y1 value is contributed by variables X1, X2, and X3, and 

33% in the Y1 value is contributed by several other variables. Second, the results 

of the ANOVA test indicate that the Significance F value (probability value) was 

<0.5, demonstrating that the regression analysis results were statistically 

significant. Third, the regression analysis results indicate that the coefficient and 

intercept values of the multivariate regression equation were obtained, 

mathematically describing the influence of variables X1, X2, and X3 on Y1. The 

regression equation can be written as follows: 

 

Y1 = X1 + 0,32X2 + 2,02X3 – 2,99, where: 
Y1 = Observed Grid Built-up Land Area 

X1 = Average Adjacent Grids Built-up Land Area 

X2 = Adjacent Grids Slope Score 

X3 = Adjacent Grids Road Infrastructure Availability Score 
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However, since the previous correlation analysis indicated a relatively 

high intercorrelation among the three independent variables, the prediction of the 

dependent variable Y (internal grid built-up land) should be based only on the 

independent variable with the highest determination level. In this case, the 

variable is X1 (average area of built-up land in adjacent grids). By eliminating 

variables X2 and X3, the following are the results of a simple linear regression 

analysis indicating the determination of variable X1 on Y1. 

 
Table 3. Results of Stage 2 Regression Analysis 

 
SUMMARY OUTPUT 

Regression Statistics 

Multiple R 0,816675855 

R Square 0,666959451 

Adjusted R Square 0,661314696 

Standard Error 4,161787759 

Observations 61 

ANOVA 

  df SS MS F 
Significance 

F 

Regressio

n 
1 2046,511487 

2046,51148

7 

118,155605

4 
1,02992E-15 

Residual 59 1021,908164 
17,3204773

5 
  

Total 60 3068,419651       

  Coefficients 
Standard 

Error 
t Stat P-value Lower 95% Upper 95% 

Lower 

95,0% 

Upper 

95,0% 

Intercep

t 

-

0,71331150

9 

1,71700022

9 

-

0,41544054

4 

0,679326478 
-

4,149021031 

2,72239801

2 

-

4,14902103

1 

2,72239801

2 

X1 
1,07501132

9 

0,09889762

8 

10,8699404

5 
1,02992E-15 0,877117632 

1,27290502

6 

0,87711763

2 

1,27290502

6 

Source: Results of Research Team Analysis 

 

Some interpretations can be made from the results of the regression 

analysis. First, as in the previous regression, the 'R Square' value of 0.67 indicates 

that approximately 67% of the variation in the Y1 value is contributed by the 

independent variable X1, and the remaining 33% is contributed by other 

variables. Second, the results of the ANOVA test, with a Significance F value of 

<0.5, indicate the statistical significance of the regression. Third, the coefficient 

and intercept values for the simple regression equation are also obtained, which 

can be expressed as follows: 

 

Y1 = 1,08X1 – 0,71, where: 
Y1 = Built-up Land Area Observed Grid 

X1 = Average Built-up Land Area Adjacent Grids 
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This equation can be observed as the urban sprawl transition rule 

algorithm, using a land cover condition indicator within the cellular automata 

grid. It suggests that every one-unit (Ha) increase in the average built-up land 

area of the four adjacent grids will contribute to an increase of 1.08 units (Ha) of 

built-up land area of the observed grid, without considering other driving factors. 

 

CONCLUSION 
After formulating the problem and research objectives, the results of this study 

can be summarized as follows: 

 

1) In the context of urban sprawl and the cellular automata grid framework, 

certain neighboring grid cell attributes can be considered as driving factors for 

variations in built-up land conditions in a particular spatial grid cell. Out of 

the seven neighboring grid cell attributes considered as driving factors, only 

three (built-up land conditions, slope gradient, and availability of road 

infrastructure) were significantly correlated with the built-up land area 

variable in the observed cell. However, the correlation analysis also indicates 

a relatively strong intercorrelation between the three variables. As observed 

in the regression relationship, the three variables cannot be used 

simultaneously as predictors because they are not statistically independent. 

Referring to the correlation coefficient value, the most significant predictor 

variable for variations in built-up land area within a spatial grid cell in the 

cellular automata framework is the average built-up land area of neighboring 

grid cells. The other two variables can be regarded as secondary predictors, 

influencing the outcomes indirectly.  

 

2) Conceptually, the urban sprawl transition rule algorithm developed in this 

study can be expressed as follows. 

 
• Built-up land or open space in a particular spatial grid was influenced by 

the condition of built-up land and open space in neighboring grid cells, 

with a determination level of 67%. The rest were influenced by other 

driving factors. 

• Every one-unit (Ha) increase in the average area of built-up land or a 

decrease in an open space area in a group of neighboring cells is followed 

by the same phenomenon in a particular grid cell, with a quantity of 1.08 

units (Ha). 

• The condition of built-up land and open space in each spatial grid cell 

correlated with the slope conditions and availability of road network 

infrastructure in the spatial grid cell. The flatter the slope conditions and 
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the higher the availability of road infrastructure in a spatial grid, the higher 

the condition of built-up land cover in that cell. 
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