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Land use and land cover (LULC) changes through built-up area 

expansion always increases linearly with land demand as a 

consequence of population growth and urbanization. Cirebon City 

is a center for Ciayumajakuning Region that continues to grow and 

exceeds its administrative boundaries. This phenomenon has led to 

peri-urban regions which show urban and rural interactions. This 

study aims to analyze (1) the dynamics of LULC changes using 

cellular automata (CA), artificial neural network (ANN), and ANN-

CA; (2) the influential factors (drivers); and (3) change probability 

in the period 2030 and 2045 for Cirebon’s peri-urban. We used 

logistic regression as quantitative approach to analyze the 

interaction of drivers and LULC changes. The LULC data derived 

from Landsat series satellite imagery in 1999-2009 and 2009-2019, 

validation of dynamic spatial model refers to 100 LULC samples. 

This research shows that LULC changes are dominated by built-up 

area expansion which causes plantations and agricultural land to 

decrease. The drivers have a simultaneous effect on LULC changes 

with r-square of 0.43, where land slope, distance from existing built-

up area, distance from CBD, and accessibility are significant 

triggers. LULC simulation of CA algorithm is the best model than 

ANN and ANN-CA based on overall accuracy and overall accuracy 

(0.96, 0.75, 0.73 and 0.95, 0.66, 0.66 respectively), it reveals urban 

sprawl through the ribbon and compact development. The average 

probability of built-up area expansion is 0.18 (2030) and 0.19 (2045). 

If there is no intervention in spatial planning, this phenomenon will 

decrease productive agricultural lands in Cirebon's peri-urban. 
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1. Introduction 

Land is a resource formed by biotic and abiotic components on the earth’s surface. The land resource is 

manifested by humans in the form of land use and land cover (LULC) for their activities such as 

agriculture, settlement, infrastructure, fisheries, and others [1, 2, 3]. The human need for land always 

increases along with population growth and regional development. Thus its existence is dynamic 

spatially and temporally [4]. The LULC dynamics cause massive changes of function in agriculture-

productive lands into built-up areas, in a certain period, LULC dynamics are able to change the 

environmental conditions surrounding it. The LULC dynamics, originally, is a local environmental 

issue. However, it has global implications because the patterns and characteristics of changes in each 

region are influenced by many factors, both biogeophysical and socio-cultural  [5, 6].  
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Biogeophysical factors such as slope, distance from the rivers, soil type, disaster-prone, and 

resource availability are considered in determining LULC development [7]. On the other hand, socio-

cultural factors also act as reinforcement for decisions related to LULC, such as central business district 

(CBD), population dynamics, accessibility, security, and political regulation [8]. Judging from its 

characteristics, biogeophysical factors have static tendency and will change in a long time if following 

human scale, different things actually happen to socio-cultural factors that are dynamic and varied [9]. 

LULC changes in developing countries are driven by population growth which puts pressure on land. 

Every year, the population of Indonesia increases about 1.8 percent; it will increase to 2.1 percent in 2030 

due to demographic bonus [10]. This phenomenon has implications for a large number of agriculture-

productive lands that have turned into built-up areas for housing, industrial areas, and infrastructures 

to support human life [11, 12]. Currently, agricultural land conversions in Indonesia reach 22,000 - 

110,000 hectares with Java Island is the main concentration [13]. It can be found in several areas around 

the growth center in West Java and occurs in new peri-urban areas in Bogor Regency, Bekasi Regency, 

Bandung Regency, West Bandung Regency, Cianjur Regency, and Cirebon Regency.  

In Cirebon City, built-up area increasing is an implication of its role as the growth center for 

Cirebon-Indramayu-Majalengka-Kuningan (Ciayumajakuning) Region. This situation is driven by new 

industrial and residential areas demand, besides the suitable land is difficult to find in Cirebon City 

(low supply) and causes the development-oriented towards Cirebon Regency as peri-urban [14]. Apart 

from regional interactions, the peri-urban area also has relatively large areas, although agricultural-

productive lands are dominant. The built-up area expansion, as the main parameter of urban 

development, has a potential to reduce vegetated areas and expand beyond administrative boundaries, 

it causes urban sprawl. The Cirebon's peri-urban consists of five sub-districts are located in Cirebon 

Regency [15]. The urban sprawl will change the agricultural landscape towards industry, whereas 

Cirebon Regency has a comparative advantage in the agricultural sector.  

The LULC dynamics on spatially-temporally terms can be reviewed by involving many 

influential factors [16]. LULC changes observation in peri-urban can use satellite imageries data as input 

for a dynamic system. LULC dynamic modeling has an advantage and capability of studying changes 

in probability and its influential factors (drivers), also produce scenarios based on time and space trends 

[17]. In general, this modeling can refer to cellular automata (CA) and artificial neural network (ANN) 

models, although both have different characteristics and are greatly dependent on geographic 

variability. CA has the advantage of changing according to the pixels or cell conditions around it, 

whereas ANN is able to multiply cells further away from its origin and become a non-linear pattern [18, 

19, 20]. Both ANN and CA are able to generate probability values, and we can modify these models 

with geographic information systems to obtain dynamic spatial modeling. Therefore, this study aims to 

analyze (1) the dynamics of LULC changes using CA, ANN, and ANN-CA; (2) the influential factors 

(drivers); and (3) the change probability in Cirebon's peri-urban for 2030 and 2045. 

2. Method 

2.1. Area of interest 

This research was conducted in Cirebon's peri-urban, West Java, Indonesia. Cirebon's peri-urban is a 

buffer area and surrounding Cirebon City which consists of 5 (five) sub-districts, is directly adjacent to 

Java Sea, and located in UTM zone 49 southern hemisphere. The peri-urban region is delineated based 

on five parameters, i.e. built-up ratio, accessibility (road density), population density, and distance from 

the CBD [15]. Early indications of this peri-urban in all sub-districts surrounding Cirebon City; however, 

regionalization with the ecoregion approach has found this only covers 5 (five) sub-districts and 48 

villages. Cirebon's peri-urban has 76.83 km2 area, and it divided into 59.20 km2 in the west and 17.63 

km2 in the east (Fig. 1). The region has its own uniqueness, because directly adjacent and separate to 

Cirebon City in the middle. However, not all villages in Talun and Mundu Sub-District are peri-urban 

regions. 

2.2. Data for LULC and drivers 

LULC changes data were obtained from Landsat series imagery for 1999 (Landsat-7 ETM +), 2009 

(Landsat-5 TM), and 2019 (Landsat-8 OLI), single scene, respectively. The satellite image criteria must 

have cloud cover below five percent and be recorded during the dry season. Data on LULC changes 
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were also reinforced by Sentinel-2 MSI and CNES-Airbus (d/h CNES-Astrium) imageries as references 

for this classification. Analysis of LULC changes begins with remote sensing images through visual 

interpretation according to interpretation keys [21, 22]. We combined 543 bands for Landsat-5 TM and 

Landsat-7 ETM, also 654 bands combination for Landsat-8 OLI, these combinations are false colors. The 

band composition makes it easy to identify LULC from appropriate wavelengths [23]. LULC types 

separated into water bodies, non-vegetated, agriculture, built-up areas, mangroves, marsh, salts and 

fisheries, and plantations. Built-up areas contain urban settlements, roads, industries, and others 

infrastructures. Mangroves are identified by spectral values which are similar to plantations, but they 

are located near beach or river estuaries [24, 25]. The multi-temporal LULC information would be 

analyzed for changes and comparing using the overlay method. The rate of changes in area refers to 

LULC types polygon according to period I (1999-2009) and period II (2009-2019). LULC changes are 

generally influenced by biogeophysical and social-economic factors (drivers) [26], as shown in Table 1. 

These factors that have the potential to drive LULC changes need reclassification based on criteria are 

presented in Table 2. 

 

 
Fig. 1. Area of interest [15] 

 

Table 1. Drivers data for LULC changes 

Driver Source Indicator Information 

Land slope Shuttle Radar Topographic Maps 

(SRTM) 
 

Slope analysis Van Zuidam’s 

classification 

Distance from the 

rivers 

Indonesian Ministry of 

Environment and Forestry (KLHK) 

Buffering from river 

networks 
 

Euclidean distance. 

Distance from the 

existing built-up 

area 
 

Landsat series imagery (USGS) Buffering from the 

existing built-up area 

Euclidean distance. 

Distance from CBD Provincial Government of West 

Java 

Buffering from main 

central business 

district (CBD) 
 

Buffering dilakukan 

dengan metode Euclidean 

distance. 

Population density Indonesian Statistical Agency 

(BPS) 
 

Residential density Ratio of population and 

built-up area  

Accessibility Openstreetmaps (OSM) Road density Ratio of street lengths and 

area 
 

Disaster risk National Agency of Disaster 

Management (BNPB) 

Multi-level disaster 

risk 

Digitation from BNPB’s 

Disaster Risk Map 
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2.3. Data analysis 

This study uses a quantitative approach and refers to logistic regression model to determine the 

interaction between drivers on LULC changes. In this regression model, LULC changes data converted 

into discrete numbers to fit the criteria for the dependent variable in Eq. 1. We test the feasibility of 

model using the -2 log-likelihood, Nagelkerke r-square, and Hosmer-Lemeshow tests are provided by 

statistical computing software. -2 log-likelihood value and r-square were significant if these have p-

value less than 0.05, whereas vice versa for Hosmer-Lemeshow  [9]. This model is useful for compiling 

the probability of LULC changes according to scenarios from us, 

ln (
Pi

1-Pi

) =  𝛼 + 𝛽1  𝑋1 +  𝛽2  𝑋2 + ….  𝛽𝑛  𝑋𝑛   
   (1) 

where ln is natural logarithm, Pi is probability value, α is the regression constant, and β is predictor 

coefficient for independent variables. 
Table 2. Drivers reclassification 

Score 

Land slope 

(%) 

Distance 

from the 

rivers (m) 

Distance from 

existing built-

up area (m) 

Distance 

from CBD 

(m) 

Population 

density  

(person per 

km2) 

Accessibility  

(km per 

km2) 

Disaster 

risk 

X1 X2 X3 X4 X5 X6 X7 

1 > 30 – 45 > 1000 > 2000 > 4000 0 – 3000 0 – 2.5 Very high 

2 > 15 – 30 > 750 – 1000 > 1000 – 2000 > 2000 – 4000 > 3000 – 4000 > 2.5 – 5.0 High 

3 > 8 – 15 > 500 – 750 > 500 – 1000 > 1000 – 2000 > 4000 – 5000 > 5.0 – 7.5 Medium 

4 > 3 – 8 > 250 – 500 > 250 – 500 > 500 – 1000 > 5000 – 6000 > 7.5 – 10.0 Low 

5 0 – 3 0 – 250 0 – 250 0 – 500 > 6000 > 10.0 Very low 

 

 
Fig. 2. Sampling location for LULC models 

The validation of LULC dynamic model results refers to 100 sample points based on non-

probability sampling, and they are considered easy access to locations (Fig. 2). The result is entered in 

an error matrix, models are suitable if it meets requirements – minimum 80 percent [27]. The validity 

level of forecasting data from CA, ANN, and ANN-CA based on overall accuracy and overall Kappa 

[28]. We performed CA and ANN model using Land Change Modeler (LCM), while ANN-CA 

considered Model for Land Use Change Simulation in QGIS. The best model will be used as a 

forecasting algorithm in 2030 and 2045. Meanwhile, for the scenario of LULC change in the future, we 

divide it into three scenarios as follows. 

a. The first scenario, in 2030 and 2045, all drivers are declared to be constant as in 2020. 

b. The second scenario, the population density will increase in accordance with BPS projection in 2030 

and 2045, whereas the other drivers are constant. 

c. The third scenario, the population density will increase according to BPS projection and 

accompanied by increasing accessibility, distance from existing built-up area, and distance from 
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CBD (1.5 times in 2030 and double in 2045 refers to the author's interpretation of Metropolitan 

Cirebon Raya Planning from West Java Provincial Government and Regional Spatial Planning of 

Cirebon Regency), while the other drivers are simulated to be constant. 

3. Results and Discussion 

3.1. LULC dynamics in Cirebon’s peri-urban 

Cirebon's peri-urban experienced very dynamic LULC changes during 1999-2019, especially built-up 

areas developed from 9.38 to 24.82 km2 – growth 164.52 percent. This increase led to a reduction in 

agricultural land and plantations (Table 3). In the same period, agricultural land decreased by 6.07 km2, 

it was similar to plantations decreased by 9.95 km2. Built-up area increased in 2009-2019 with difference 

of 2.24 km2 from the last period. In terms of distribution, built-up areas are increasing and closer to 

Cirebon City (Fig. 3). This condition indicates that there is an urban sprawl towards peri-urban in 

Cirebon Regency, even though it has different administrative regions [29, 30]. 

 
Fig. 3. LULC in Cirebon’s peri-urban 1999-2019 

The peri-urban as a buffer for Cirebon City has undergone a landscape transformation, 

characterized by expansion of built-up areas. LULC changes resulted in agricultural land conversion 

into other types (marsh, non-vegetated, or grasslands), which ended in built-up formation as a process 

that seemed to globally [9, 31, 32]. This process is understandable because peri-urban development into 

a city is actually not only occur in Cirebon, but also takes place globally in many metropolitan regions 

that have potential for massive economic development. In today's era, more than half of Indonesia's 

population and the world have lived in cities, where in the future, a population spike will also be 

centered in urban [33, 34, 35]. Population concentration not only occurs that cities are able to attract 

residents to migrate, but also from the physical urbanization process - a transformation of rural into 

urban landscape. 
Table 3. LULC dynamics in 1999-2019 

LULC type 
Area (km2) Gain and loss (km2) 

1999 2009 2019 1999-2009 2009-2019 1999-2019 

Water bodies 2.057 2.764 2.195 0.707 -0.569 0.138 

Non-vegetated 0.454 1.252 0.753 0.798 -0.499 0.299 

Agriculture 44.564 40.082 38.499 -4.482 -1.584 -6.066 

Built-up area 9.384 15.984 24.822 6.601 8.837 15.438 

Mangroves 0.065 0.084 0.224 0.019 0.139 0.158 

Marsh 0.408 0.413 0.252 0.004 -0.161 -0.156 

Salts and fisheries 3.930 3.894 4.067 -0.036 0.173 0.138 

Plantations 15.966 12.354 6.016 -3.611 -6.338 -9.949 

In Cirebon's peri-urban context, this landscape transformation needs to be understood as more 

than just LULC changes. The peri-urban keeps the information about development concentration which 

direct towards the west. This process is taking place and influenced by Megapolitan Jakarta and 

Megapolitan Bandung, which have very good connectivity with Cirebon City. Transportation 
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infrastructure presence such as toll roads, arterial/collector roads, railroads, and many public 

transportation routes is evidence [36]. A lot of productive agricultural land has been converted into 

built-up areas for residential, utilities, industrial, and other commercial areas. This change is accelerated 

due to the appearance of built-up areas patches between agricultural lands. It triggers LULC changes 

as nearing distance from existing built-up areas than in the previous period. These spots are emergence 

signs of leaf frog development that must be managed properly.  Leaf frog development has a bad 

influence on urban development due to land fragmentation [37]. 

3.2. Drivers for LULC changes 

After knowing the dynamics of LULC changes in Cirebon's peri-urban, especially regarding the 

expansion of built-up areas, which is increasingly widespread. We have analyzed the drivers that affect 

these changes, including land slope (X1), distance from the rivers (X2), distance from existing built-up 

areas (X3), distance from CBD (X4), population density (X5), accessibility (X6), and disaster hazard (X7) 

(Fig. 4). Logistic regression model is the best model for known factors driving LULC changes [9]. 

Without including independent variables - only using constant values, this model has an accuracy of 

87.91 percent. Meanwhile, if all independent variables are involved, the accuracy reaches 88.3 percent 

as presented in Table 4 - an increase in accuracy by 0.4 percent. The logistic regression model involving 

independent variables has the ability (feasible) to predict LULC change, Hosmer and Lemeshow test 

shows a value of 3.80 with p-value more than 0.05, it is supported by r-square value of 0.43.  

 
Fig. 4. Spatial distribution of LULC drivers 

All independent variables (drivers) can simultaneously estimate LULC changes of 42.7 percent 

with epsilon of 57.3 percent, which means there are other factors that have not been defined. Even so, a 

low r-square value is a common phenomenon in logistic regression model, but it provided that the value 

is significant and meets goodness of fit because in many cases the highest r-square for the model is 

around 0.40 [38]. The logistic regression model shows that there are 4 (four) independent variables that 

have significant effect on LULC changes (built-up land expansion) in Cirebon's peri-urban such as X1, 

X3, X4, and X6, as shown in Table 5 and Eq. 2. Referring to the p-value to know partial influence, there 

are four drivers that have a significant effect in succession, namely distance from existing built-up area 

(0.05> 0.00), land slope (0.05> 0.02), distance from CBD (0.05> 0.02), and accessibility (0.05> 0.03). The 

distance from existing built-up area (X3) as the strongest driver indicates that LULC changes are 

commonly influenced by social neighborhoods, where the community and developers will build new 

built-up areas for housing, industry, and other utilities closer to existing community. However, in 

certain cases, new built-up areas are deliberately presented further from the existing which causes 
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agricultural land to become squeezed (sawah terhimpit) and puts socio-economic pressure on farmers 

[39]. 

ln (
Pi

1-Pi

) = - 0,04959 + 0,14163 (X1) - 0,00079 (X2) - 0,01917(X3) - 0,00030 (X4) + 0,00011(X5) - 0,29868 (X6) - 0,04959 (X7) (2) 

Table 4. Validation of logistic regression 

Accuracy model 

Model stage Overall accuracy (%) -2 Log likelihood 

Without independent variables 87.90 201.29 

Using independent variables 88.30 132.56 

Hosmer dan Lemeshow Test 

Chi-square value dF p-value Nagelkerke r-square Epsilon 

3.80 8 0.87 0.43 0.57 

 

Table 5. Parameters of logistic regression model 

Variabel Β SE Wald p-value Exp(B) 

Land slope (X1) 0.14163 0.060 5.559 0.018 1.152 

Distance from the rivers (X2) -0.00079 0.001 1.015 0.314 0.999 

Distance from existing built-up area (X3) -0.01917 0.005 16.255 0.000 0.981 

Distance from CBD (X4) -0.00030 0.000 5.128 0.024 1.000 

Population density (X5) 0.00011 0.000 1.140 0.286 1.000 

Accessibility (X6) -0.29868 0.138 4.690 0.030 0.742 

Disaster risk (X7) -0.04959 0.134 0.138 0.711 0.952 

Constant 1.65036 1.171 1.987 0.159 5.209 

3.3. LULC simulation and scenarios 

The LULC for the future can be determined through a spatial dynamic model based on machine learning 

and artificial intelligence algorithms such as artificial neural networks (ANN), cellular automata (CA), 

and ANN-CA (Fig. 5). In the case of Cirebon peri-urban, the best model for projecting LULC in 2030 

and 2045 is cellular automata, as shown in Table 6 and Fig. 6. This model has overall accuracy of 0.96 

and an overall Kappa of 0.95 - higher than ANN and ANN-CA models after being compared with 

existing LULC in 2020. These two values suggest that LULC dynamics with CA model is worthy 

accepted for further analysis, because it has high accuracy which is more than 0.80 [40] (Fig. 7 and Table 

7). The CA model has accuracy advantage in predicting LULC, this is evidenced by its ability to predict 

almost all types of LULC in 2020, except for marsh. In other models, errors are found more varied in the 

area and LULC type. Even in ANN model, plantations have areas that are very different from the 

existing ones. Similar conditions also occur in ANN-CA model; this model only accurately predicts 

plantation around Situ Patok (Mundu Sub-District). Both the ANN and ANN-CA have considerable 

errors in predicting agricultural land. CA is suitable for predicting the LULC dynamic in peri-urban 

Cirebon, where urban sprawl occurs slowly and shows minimal symptoms of sudden built-up 

expansion. CA model has succeeded in maintaining the existence of plantations in a proportional 

manner that is scattered around the built-up land and agricultural land. This fact reinforces that CA 

model is indeed suitable for analysis of spatial phenomena with propagation patterns [6, 41]. 

Integration of logistic regression with CA produces a probability scenario for LULC changes in 

the future [42, 43]. In the first scenario, it is assumed that all drivers are constant, as happened in 2020, 

because the government and stakeholders are capable to undertake adaptive control. This scenario has 

implications for built-up expansion probability tends to be low. In the first scenario, the probability of 

built-up expansion between 2030 and 2045 is quite different. The probability value in 2045 is higher than 

the previous projected period. Meanwhile, in the second scenario, all drivers except population density 

(X5) is constant. This scenario requires the population density to be dynamic in accordance with the 

population growth projection from BPS. The second scenario shows that the probability expansion of 

built-up areas increasing than the first scenario. This increase is minor and only occur in three sub-

districts, namely Kedawung, Mundu, and Tengah Tani. Population density is an insignificant factor for 

predictive built-up area. It is certainly different from the third scenario, which involves all drivers that 
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have significant influence with dynamic characteristics. In the third scenario, the probability increases 

rapidly in 2030 and 2045 periods. The probability in 2030 is higher in Kedawung and Tengah Tani than 

in other sub-districts; it shows that in the short and medium-term, built-up area development will still 

be concentrated in the west of Cirebon City [36]. It is different with 2045 period, where the built-up 

expansion probability will increase in all sub-districts and imply a decrease in agricultural land found 

in Cirebon's peri-urban on the current ecoregion boundary (Fig. 7). 

 
Fig. 5. Comparison of LULC prediction models in 2020 

 

 
Fig. 6. Future LULC in 2030 and 4045 based on CA model 

 

Table 6. Accuracy comparison between three models of spatial dynamics 

Spatial dynamics model Overall accuracy Overall kappa 

ANN Multi-layer Perceptron Neural Network (MLPNN) 0.75 0.66 

CA Markov-Cellular Automata (Markov-CA) 0.96 0.95 

ANN-CA Multi-layer Perceptron (MLP) 0.73 0.66 

The two predicted future LULC periods show that biogeophysical factors such as elevation, land 

slope, and water bodies in Cirebon's peri-urban have a role as a barrier for built-up expansion. Java Sea 

as an ecological barrier for the peri-urban has potential to accretion and reclamation for supporting 

infrastructures development. Control of built-up expansion through compact and ribbon development 

scheme is a strategy and better solution for controlling urban growth because it is related to spatial-

density patterns as the main key [44]. Compact and ribbon development in Cirebon's peri-urban should 

be implemented, due to reasons of accessibility, regional interactions with megapolitan areas, and its 

http://doi.org/10.26594/register.v8i1.2339


46 
M. Dede et al.  ISSN 2502-3357 (online) | ISSN 2503-0477 (print) 

regist. j. ilm. teknol. sist. inf.                             8 (1) January 2022 38-49 

Spatial dynamics model of land use and land cover changes: A comparison of CA . . .              http://doi.org/10.26594/register.v8i1.2339 

 

historical aspects [45, 46, 47]. In addition, compact and ribbon development is the path to a sustainable 

city because it prioritizes urban space efficiency. 
 

 
Fig. 7. LULC scenarios and probabilities in the future 

 

Table 7. LULC in the future based on CA 

LULC type 
Area (km2) Gain and loss (km2) 

2020 2030 2045 2020-2030 2030-2045 2020-2045 

Water bodies 2.031 1.641 1.214 -0.390 -0.427 -0.817 

Non-vegetated 1.330 0.767 0.596 -0.563 -0.172 -0.734 

Agriculture 36.853 34.207 29.721 -2.646 -4.486 -7.132 

Built-up area 25.002 31.058 36.961 6.056 5.903 11.959 

Mangroves 0.378 0.318 0.248 -0.060 -0.070 -0.130 

Marsh 0.285 0.229 0.181 -0.056 -0.048 -0.104 

Salts and fisheries 3.970 4.172 4.492 0.202 0.320 0.522 

Plantations 6.980 4.436 3.416 -2.544 -1.020 -3.564 

4. Conclusion 

LULC dynamics in Cirebon's peri-urban is a transformation process of rural to urban landscape. During  

1999-2019, LULC changes were dominated by built-up area expansion. It caused a reduction in 

plantations and agricultural land. The logistic regression model shows that drivers have simultaneous 

and significant effects on LULC changes. There are 4 (four) drivers that significantly influence this 

phenomenon, i.e. land slope, distance from existing built-up area, distance from CBD, and accessibility. 

The LULC prediction based on cellular automata (CA) algorithm is better than ANN and ANN-CA; 

built-up expansion is predicted to continue to reaches 31.06 km2 (2030) and 36.96 km2 (2045). The highest 

probability of LULC changes is shown by the third scenario, where population density is projected to 

increase and in line with increased accessibility. This scenario has an average probability of 0.18 (2030) 

and 0.19 (2045). To reveal more urban development through built-up area expansion, we suggest further 

studies to add social factors as drivers, such as social perceptions, supply-demand of settlements, and 

population pressure on land. 
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