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Abstract. Ambon City is a city with the highest economic and population 

growth in Maluku Province, which makes the land built to have high and rapid 

growth while the availability of suitable land is relatively fixed. As a result, 

there will be inconsistencies in the inequality between land needs and 

available land. This study aims to spatially analyze changes in Ambon City 

land cover in 2010, 2015, and 2020 to predict Ambon city land cover in 2031 

and analyze the carrying capacity of residential land in Ambon City by 2031 

using Cellular Automata Markov Chains (CAMC). Based on the prediction of 

land cover in 2031, residential land has increased to 7 299.17 ha, with the 

population of Ambon City in 2031, which is predicted to amount to 2 445 961 

people. The calculation of the carrying capacity of residential land in 2031 

Ambon City gets the result of the value of the settlement land carrying capacity 

index of 1.87 m²/capita, meaning that if DDPm>1 indicates the carrying 

capacity of high residential land and is still able to accommodate residents to 

settle and build houses in the area. This research is an appropriate, 

preventive, and innovative solution to facilitating the government in spatial 

planning in Ambon City in the future.
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INTRODUCTION 

Ambon City is a coastal city located on the island of Ambon bordering Central Maluku Regency. As the 

capital of Maluku Province, Ambon City is the main destination for population urbanization in Maluku 

Province (BPS, 2020). The centralization of the population in Ambon City encourages the compaction of the 

population, which results in the need for residential land/built land continues to increase from year to year. 

Based on data from the Central Statistics Agency (BPS) of Ambon City in 2020, of the eleven regencies/cities 

in Maluku Province, Ambon City is the most populous, which is 25.50% of the total 1.74 million residents 

Maluku Province (BPS, 2020). The increase in population is in line with the increase in human activities in 

various sectors, especially the social and economic sectors, resulting in the need for land resources also 

increasing while relatively fixed land availability (He et al., 2018).  

This will lead to increased competition in land use so that economic and social needs will always be a 

priority in land use change, changes in settlement land cover in urban areas that occur will shape the direction 

of development of residential areas in the future (Pratami et al., 2019). Therefore, the utilization and efficiency 

of urban land cover should be improved based on rational land cover planning with the aim of sustainable 

development (Tian et al., 2016) because one of the keys to sustainable development in urban areas is good 
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planning and spatial planning (Widodo et al., 2015). This condition is a regional problem due to the increasing 

demands of land needs and land limitations that need to be studied to be able to provide solutions in the 

arrangement of land use in Ambon City in the future based on ecological aspects (Liu, 2020). In analyzing the 

carrying capacity of residential land in Ambon City, the amount of settlement land that is suitable for 

settlement, and the standard area of land needs of each resident (Muta'Ali, 2015). The standard of the area of 

the population needs per capita according to the Regulation of the Minister of State for Public Housing 

No.11/PERMEN/2008 concerning (a) Per-Capita Space Needs According to the Regional Zone that in the 

Downtown Zone The need for space/capita is 16 m2/Capita. 

Land carrying capacity research uses the Cellular Automata Markov Chain (CAMC) to predict and find 

a balance between the availability of existing land and built-up areas, so that land carrying capacity can be 

maintained and sustainable (Fitri et al., 2021). Markov Chains Cellular Automata Modeling is the most reliable 

modeling and has been widely used by previous researchers to analyze spatial, and temporal changes in land 

cover and can be used to simulate and predict future land cover (Marko et al., 2016). This modeling is based 

on the continued increase in population growth that causes the need for land to be higher while the existing 

land area is fixed (Pratami et al., 2019) and will ultimately reduce environmental carrying capacity (Asfari et 

al., 2017).  

Based on the above problems, this study aims to spatially analyze changes in Ambon city land cover in 

2010, 2015, 2020 and predict Ambon city land cover in 2031 and analyze the carrying capacity of residential 

land in Ambon City in 2031 using CAMC, This modeling is an appropriate, preventive and innovative solution 

in facilitating the government and stakeholders in handling and managing land wisely so that profitable land 

use decisions can be taken in the dimension of sustainable land use planning in line with the development of 

Ambon City in the future. 

 

METHOD 

Location and Research Time 

This study was conducted in Ambon City, Maluku Province, which is geographically located at 

3°34'4.80''-3°47'38.4'' South Latitude and 128°1'33.6''-128°18'7.20 East Longitude and administratively 

Ambon City consists of Serimau, Nusaniwe, South Leitimur, Ambon Bay, Ambon Baguala Bay, with an area 

of Ambon City of 32 573.68 ha (Figure 1). 

 

 
Figure 1 Research location 
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Data Collection  

To analyze the changes in Ambon City land cover in 2010, 2015, 2020 and predict Ambon city land cover 

in 2031 and analyze the carrying capacity of residential land in Ambon City in 2031 the data needed in this 

study includes IKONOS satellite imagery in 2010 and SPOT 6 satellite imagery in 2015 and 2020, 

administrative map, road network map, river network map, central map of economic activity, altitude data 

(DEM), slope data (DEM), RTRW map of Ambon City, distance from the beach and population data obtained 

from relevant agencies. Data collection is carried out through three events, namely literature studies, agency 

studies, and field surveys. 

 

Data Analysis  

Land Cover  

Land cover as a manifestation of the dynamic process of interaction between human activities and land 

resources, which is spatially distributed from the land surface and identifies land biophysical cover; this 

includes waters, vacant land, or residential land (Gopalakrishnan et al., 2020). In (SNI 7645:2010), land closure 

can also mean biophysical cover on the earth's surface that can be observed and is the result of human 

regulation, activity, and treatment carried out on certain types of land cover to carry out production, alteration, 

or maintenance activities on the area. Classification of land cover is needed to distinguish the type of land 

cover that is one with other land cover. The following classification of land cover in accordance with SNI 

7645:2010 concerning Classification of Land Cover scale 1:50 000 or 1:25 000 as many as 34 classifications, 

but in this study the classification was made simply into 5 classifications including agricultural areas, non-

agricultural areas, built land/settlements, open land, and waters. 

 

Driving Factors  

Changes in land cover in an area are influenced by several factors, both physical factors, and socio-

economic factors. These factors can be used as rules in the analysis of land change predictions (Fitawok et al., 

2020). Driving factors are factors given in the modeling process and assumed to be constant (static), used as 

controllers of the modeling performed (Lisanyoto et al., 2019). The driving factor is very important to project 

the future development of residential land. Therefore, driving factors are needed to model land cover changes 

(Irawan et al., 2019). The driving factors used in this study consisted of physical factors, including elevation, 

the slope of slopes, distance from the coastline, and distance from rivers, while socio-economic factors include 

distance from the road and distance from the center of economic activity (Table 1 and Figure 2). 

All driving factors are then given a weight based on their level of importance (Mansour et al., 2020). The 

driving factor is basically euclidean distance consisting of a type of interest level, namely cost distance (the 

farther, the better) and benefit distance (the closer, the better) (Marko et al., 2016). For distance from the river 

and distance from the coastline use cost distance, while for distance from the road and distance from and 

distance from the center of economic activity, use benefit distance. 

Table 1 Classification of driving factors 

No Parameters Classification Weight Conformity Level 

1 Distance from the coastline 0-100 m 1 Not Appropriate 

100-2 000 m 2 Appropriate 

>2 000 m 3 Very Suitable 

2 Distance from the road 0-100 m 3 Very Suitable 

100-1 000 m 2 Appropriate 

>1 000 m 1 Not Appropriate 

3 Distance from the river 0-100 m 1 Not Appropriate 
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No Parameters Classification Weight Conformity Level 

100-500 m 2 Appropriate 

>500 m 3 Very Suitable 

4 Distance from the center of 

economic activity 

0-100 m 3 Very Suitable 

100-750 m 2 Appropriate 

>750 m 1 Not Appropriate 

5 Elevation 0-7 mdpl 1 Very Suitable 

7-25 mdpl 2 Appropriate 

>25 mdpl 3 Not Appropriate 

6 Slope 0-8 % 3 Very Suitable 

8-15% 2 Appropriate 

>15% 1 Not Appropriate 

 

 
Figure 2 Driving Factor, a) elevation, b) slope, c) distance from the shoreline, d) distance from the road,          

e) distance from the river, f) distance from the center of economic activity 

 

Fuzzy Driving Factors  

Fuzzy logic is a branch of artificial intelligence systems (Artificial Intelligence) that emulates the ability 

of humans to think into the form of algorithms that are then run by machines (Espitia et al., 2021). Fuzzy is a 

logical system that aims to formalize from estimates to reasoning represented in the form of interest levels that 

have a range of values 0-1 (Boolean) (Zadeh, 1994). According to Peter et al. (2021) logic in fuzzy is a very 

good thing to interpret data that occurs continuously effectively and efficiently, this is a good way to do cellular 

automata-based modeling because it uses parallel computing consisting of interconnected cells and has a 

continuous value, so in this study I processed data driving factors using this fuzzy logic concept (Figure 3). 



Salakory M, Rakuasa H 

376 

 
 

Figure 3 Fuzzy Driving Factors, a) elevation, b) slope, c) distance from the shoreline, d) distance from the 

road, e) distance from the river, f) distance from the center of economic activity 

 

 
 

Figure 4 Driving fuzzy factor overlay 
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Ambon City driving factor consists of six parameters (Figure 3 and Figure 4) after classification and 

weighting must be converted to fuzzy values (value range 0-1) to facilitate the next analysis process for CA 

MC modeling in Idrisi Selva software (Wang et al., 2022; Mwabumba et al., 2022). Fuzzy analysis in this 

study was used to standardize the driving factors that have been combined and provide the previous weighting. 

This fuzzy logic describes if the value is getting closer to 1, then the value has a high level of importance and 

vice versa. According to Akbar and Supriatna, (2019) fuzzy logic is also used to create probability values to 

become residential land by using real-binary format so that it can be processed in Idrisi Selva software. Akbar 

and Supriatna, (2019) explained that in processing land cover predictions in the future, the driving factor used 

must be continuously formatted (Binary 0-1) to be processed in Selva Idrisi. The results of this processing will 

output containing all the combined driving factors that can be seen in Figure 4. 

Fuzzy logic values are displayed with black-and-white gradations, where the whiter the color gradations 

produced, the higher the value, meaning that the higher the development of airfields or settlements in the area. 

The six variables that have been done fuzzy membership are then over-covered with fuzzy gamma logic in the 

Arc Map 10.8 application which can then be generated as a combination of the suitability of all variables, as 

shown in Figure 4. The result can be known that areas that are close to rivers and coastlines have a lower value 

while areas that are close to the road network and economic activity centers have a higher value. So the 

potential for the development of settlements in Ambon City is close to the road network and the center of 

economic activity. 

 

Cellular Automata Markov Chains 

Spatial modeling is needed to be able to perform land use change modeling analysis by combining GIS 

analysis with dynamic system analysis (Pravitasari et al., 2020). Modeling with a dynamic system approach 

has dynamic properties in time, so it can predict the conditions of the future time. Modeling with a geographical 

information systems (GIS) approach, based on spatial data, so that it can analyze and present data spatially. 

Spatial-based and dynamic modeling can be done with the Markov chain-cellular automata approach (Marko 

et al., 2016).  

Markov chain First introduced by a Russian mathematician named Andrei A. Markov in 1970, this study 

shows that there is a dependency between the results of future predictions and the historical data used (Al-

Shaar et al., 2021). But in land use modeling, it was first used by Burnham (1973) entitled Markov 

Intertemporal Land Use Simulation Model. The markov chain model uses a stochastic process to illustrate the 

possibility that one condition, i.e., a particular class of land cover, will switch to another condition over a 

certain period (Parsa et al., 2016). The main advantage of this markov chain is that the algorithm is simple so 

that it is easy to apply (Susilo, 2011).  

In practice, the markov chain is usually represented as a matrix that presents the probability of transition 

between all classes of land cover in the study area based on two consecutive land use/cover maps (Andaryani 

et al., 2021). The disadvantage of the Markov chain is that it only calculates the probability of changes 

occurring but cannot explain spatial changes that occur explicitly (Moghadam and Helbich, 2013). Noszczyk 

(2019) argues that the markov chain process assumes that future circumstances can be emulated based on 

previous circumstances. This is confirmed by Rahnama (2021), who stated that the markov chain model could 

describe land use changes from one period to another and use it to predict future changes. 

Cellular Automata was first introduced by John Von Neumann and Stanislaw Ulam between 1940 and 

the early 1950s (Al-Shaar et al., 2021). According to Mohamed and Worku (2020) Cellular Automata (CA) is 

a discrete dynamic system in which the condition of each cell at the time of t + 1 is governed by the situation 

of its neighboring cells at a time based on a predetermined transition procedure. Munthali et al. (2020) explain 

that the CA Model is a discrete model with a spatially expanded dynamic system based on defined transition 

rules that link the new state to the previous state of the existing land use type. In addition, CA-based models 

have the ability to represent non-linear and complex processes that are distributed spatially so as to provide an 
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idea of the patterns of land use change that occur (Liping et al., 2018). Gomes et al. (2019) Added that CA is 

one application in modeling excellent spatial dynamics and is often used in simulating land use changes. 

Akbar and Supriatna (2019) revealed that Cellular automata are a modeling method that can be used as a 

tool in supporting land use planning and spatial and temporal policy analysis by analyzing the complexity of 

urban growth that produces simulations, predictions, and planning. According to Nahib et al. (2015) Cellular 

Automata consist of several components, namely cell (pixel), state, environment (neighborhood) and transition 

ruler/transition function. 

 

Carrying Capacity of Residential Land 

Land carrying capacity is a scientific concept for measuring the relationship between economic, social, 

and environmental and is one of the basic assessments of sustainable development (Ma, 2017). The carrying 

capacity of residential land is simply defined as the relationship between land resources and their maximum 

population capacity (Yang et al., 2019). Land carrying capacity for settlements is the ability of an area to have 

the availability of suitable residential land as a place to live. The population is the first indicator used to 

determine the area of land for the carrying capacity of residential land (Fitri et al., 2021). Determination of the 

method of calculating the projection of the number of residents in 2031 can be done by the geometric method. 

The formula for preparing the carrying capacity of residential land requires the amount of land area that 

is feasible for settlement and the standard area of land needs of each resident (Muta'Ali, 2015). Standard of the 

area of the population needs per capita according to the Regulation of the Minister of State for Public Housing 

Number 11/PERMEN/M/2008 regarding the Guidelines for the Compatibility of Housing and Settlement 

Areas, (a) the need for space per capita according to the regional zone that in the downtown zone the need for 

space /capita is 16 m2/Capita, the level of space needs per capita 

The carrying capacity of residential land is useful as a measure or tool for development planning and 

provides an overview of land cover, relations between residents, and the environment. Therefore there are at 

least two main variables that must be known with certainty to analyze carrying capacity, namely the potential 

of available land including land area and population (Soerjani et al., 1987). The carrying capacity of 

settlements can be calculated using the settlement land carrying capacity formula (Hasmita et al., 2020). It can 

be seen as follows: 

 
Information: 

DDPm : Carrying capacity of settlement land 

LPM : Settlement land area 

JP : Population 

α : Coefficient of area of space needs 

 

1. If DDPm>1 m²/capita, it means that the carrying capacity of the settlement is high, it is still able to 

accommodate residents to settle (build houses) within the area.  

2. If DDPm=1 m²/capita, it means that the carrying capacity of the settlement is optimal, there is a balance 

between the population who live (build houses) with the area of the existing area.  

3. If DDPm=1 m²/capita, it means that the carrying capacity of the settlement is low, it is not able to 

accommodate the population to settle in the area.  

In this study, the carrying capacity of residential land in Ambon City was calculated using the results of 

modeling Cellular Automata – Markov Chain settlement land area in 2031, standard area of space needs, and 

projected population in 2031. Detailed processing stages in the study can be seen in Figure 5. 
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Figure 5 Research workflow 

 

RESULTS AND DISCUSSIONS 

Ambon City Land Cover in 2010, 2015 and 2020 

The results of the analysis showed that the cover in Ambon City in 2010, 2015, and 2020 continued to 

change. The types of land cover that continue to increase in the area are the type of cover of residential land 

and open land, while agricultural land and non-agricultural land continue to experience a decrease in area. This 

is due to the increased needs of the people in Ambon City for land to be built more and more from year to year. 

For this type of land cover, water bodies do not experience an increase or decrease in area. Spatially, the cover 

of the land cover area of Ambon City can be seen in Table 2 and Figure 6. 

Table 2 Composition of Ambon City land cover 

Types of Land Cover 
Area (ha) 

2010 2015 2020 

Settlements 3 730.29 4 173.84 4 433.36 

Open land 338.97 627.36 837.94 

Agricultural area 16 828.76 16 309.66 15 853.49 

Non-Agricultural area 11 499.12 11 286.29 11 272.36 

Water bodies 176.53 176.53 176.53 

Total 32 573.68 
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Figure 6 Ambon City land cover in a) 2010, b) 2015 and c) 2020  

 

2020 Actual and Simulated Land Cover 

Ambon City land cover modeling in 2020 was carried out using CAMC, and driving factors data that had 

been prepared. The magnitude of the possibility of land cover changes is called the Transition Probability 

Matrix (TPM), while the Figures contained in the TPM table indicate the possibility of land cover that has 

changed to other land covers. Table 3 is a TPM in 2010-2020 where the Roman numeral I is a settlement, 

roman numeral II is open land, roman numeral III is an agricultural area, Roman numeral IV is a non-

agricultural area and roman numeral V is waters. A value of 0 in the (TPM) indicates that there is no change 

in land cover from one area to another. While the value of 1 indicates that the land cover will remain and not 

change to another land cover (Table 3). Based on Table 3, it is known that open land cover has a higher 

probability of changing to residential land with a TPM value of 0.1870, and water bodies have a value of TPM 

0, indicating no change in land cover in one area to other land cover. 

Table 3 Transition Probability Matrix (TPM) from 2010-2020 

 I II III IV V 

I 0.8457 0 0.0812 0.0731 0 

II 0.1870 0.7875 0.0255 0 0 

III 0.1222 0.0549 0.8199 0.0030 0 

IV 0.0157 0.0972 0.0543 0.8327 0 

V 0 0 0 0 1 

Information: I. Settlements; II. Open land; III. Agricultural Area; IV. Non-Agricultural Areas; V. Water Bodies 

 

Table 4 Comparison of actual land cover area and simulation in 2020 

Types of Land Cover 
Area (ha) 

2020 Actual 2020 Simulation 

Settlements 4 433.36 5 720.54 

Open Land 837.94 990.17 

Agricultural Area 15 853.49 14 585.78 

Non-Agricultural Area 11 272.36 11 100.67 

Water Bodies 176.53 176.53 

Total 32 573.68 
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The results of the comparison of actual land cover and simulations in 2020 in Figure 7 and Table 4 show 

that the results of the 2020 land cover simulation are different from the actual land cover results of Ambon 

City in 2020. The simulation results on each type of land cover have a wider area compared to the results of 

land cover digitization in 2020. 

 

 
Figure 7 Actual land cover of Ambon City 2020 and simulation results in 2020 

 

 
 

Figure 8 Kappa Model 2020 value accuracy test validation results 
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After 2020 land cover modeling, an accuracy test needs to be done to find out if the first resulting model 

can be used to create a second prediction model. The accuracy test was conducted with actual 2020 land cover 

data as primary data (reference image) and 2020 land cover simulation data as a comparison image. The 

accuracy test results can be seen in Figure 8 showed that the kappa (K standard) value is 0.9220 or 92.20%, 

which shows that this accuracy value is said to be very good and can be continued to model Ambon city land 

cover in 2031. 

 

Predicted land cover in 2031 

Ambon City land cover prediction model in 2031 is the second modeling that uses the same driving factor 

as in the previous modeling, but the TPM value is different from the first modeling. Based on Table 3, it is 

known that open land cover has a higher probability of changing to residential land with a TPM value of 

0.4449, and the body of water has a value of TPM 0, indicating no change in land cover in one area to another 

land cover. For more details, it can be seen in Table 5, while spatially, it can be seen in figure 9. 

Table 5 Transition Probability Matrix (TPM) from 2020 – 2031 

 I II III IV V 

I 0.8224 0 0.0281 0.1495 0 

II 0.4449 0.5551 0 0 0 

III 0.1851 0.1040 0.7105 0.0004 0 

IV 0 0.1956 0.0884 0.7160 0 

V 0 0 0 0 1 

Information: I. Settlements; II. Open Land; III. Agricultural Area; IV. Non-Agricultural Areas; V. Water 

Bodies 

 

 
 

Figure 9 Ambon City land cover simulation in 2031 
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The results of the predicted land cover in 2031 in Figure 9 show that the type of residential land cover 

and open land continues to increase in area. This is inversely proportional to the type of agricultural land cover 

and non-agricultural land that continues to decrease in area. Figure 9 shows the prediction of the 2031 land 

cover model of Ambon City. This 2031 land cover modeling is used as a reference in determining the area of 

residential land to be included in the calculation of the carrying capacity of Ambon city settlement land (Figure 

9). 

 

 
 

Figure 10 Comparison of simulation of land 2031 and RTRW of Ambon City. 

 

The results of the prediction of Ambon City land cover in 2031 were then compared with the Spatial Plan 

(RTRW) of Ambon City (Figure 10). In the PERDA RTRW Ambon City, the government focuses Ambon 

City more on the development, one of which is realizing Ambon City as a waterfront city so that the direction 

of development of residential areas is more centered in the coastal areas of Ambon Bay. A comparison of the 

area of land cover resulting from the simulation in 2031 and the simplified RTRW land cover from the polar 

map of the Ambon City RTRW money 2011-2031 can be seen in Table 6. 

Table 6 Comparison of land cover area simulated 2031 and RTRW Ambon City 2011-2031 

Types of Land Cover 
Area (ha) 

2031 Simulation RTRW 

Settlements 7.299.17 6.590.35 

Open Land 894.32 1.012.55 

Agricultural Area 14 101.00 13 289.86 

Non-Agricultural Area 10 102.67 11 504.01 

Water Bodies 176.53 176.92 

Total 32 573.68 

 

Just like the land cover model in 2020, the prediction model for land cover changes in 2031 is also 

conducted an accuracy test (Figure 11). Unlike the accuracy-test in the 2020 model, the 2031 prediction model 

was conducted an accuracy test using the 2011-2031 Ambon City RTRW space pattern map, which has been 

generalized into a land cover map. The results of the accuracy-test showed that the 2031 model year had an 

accuracy value of 0.8386 or 83.86%. This means that the 2031 land cover prediction model is said to be very 

good to be used to calculate the land carrying capacity of Ambon City in 2031. 
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Figure 11 Kappa Model 2031 value accuracy test validation results 

 

Ambon City Land Carrying Capacity in 2031 

Cellular Automata Markov Chain modeling results show the area of land for settlements in 2031 is 7 

299.17 or 72 991 652 m2 while the coefficient of area of space needs refers to the Regulation of the Minister 

of State for Public Housing No.1/PERMEN/2008 concerning (a) According to the Regional Zone, the need for 

space/capita is 16 m2/capita and the population of Ambon City in 2031 is obtained from the calculation of 

population projections using geometric methods, namely 2 445 961 people. Based on the results of the 

calculation of DDPm 2031 obtained, the results of the settlement land carrying capacity index of 1.87 

m²/capita, meaning that if DDPm >1 indicates the carrying capacity of high residential land and still able to 

accommodate residents to live and build houses in the region. In other words, Ambon City can still 

accommodate an increase in settlements of 1.87 m²/capita. 

 

CONCLUSION 

During the last 15 years, from 2010, 2015, and 2020, land cover in Ambon City has continued to change 

in an area, the type of land cover that has increased in the area, namely land cover of residential land and open 

land, while the land cover of non-agricultural areas and agricultural areas has decreased and for water bodies 

has not increased or decreased. The development of residential land cover leads to the east and south at most.  

Based on the results of the prediction of land cover in 2031 using CAMC, obtained the area of residential 

land cover is 7 299.17 ha, and based on the calculation of the projected number of residents of Ambon City in 

2031 using geometric methods, namely 2 445 961 people and refers to the Regulation of the Minister of State 

for Public Housing No.11/PERMEN/2008 concerning (a) Per Capita Space Needs According to the Regional 

Zone that in the Downtown Zone The need for space/capita is 16 m2/Capita. So the results of calculating the 

carrying capacity of residential areas in 2031 in Ambon City resulted in an index value of 1.87 m²/capita or 

DDPm >1 m²/capita, which signifies the carrying capacity of high residential land and still able to 

accommodate residents to settle and build houses in Ambon City. 
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