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Abstract. The proposed plan to move Indonesia's capital city to the New Capital City of 

Nusantara in East Kalimantan Province undoubtedly requires careful efforts to ensure food 

supply for the population. Population migration to the new capital may pose a food security 

challenge. To address this fundamental issue, one of the most crucial approaches is to establish 

buffer areas that can support the food needs of the new capital. The currently existing official 

Area Sampling Frame survey conducted by the government to assess food vulnerability faced 

several limitations, including weather conditions, field terrain variations, and high cost. In this 

study, we propose the utilization of remote sensing satellite imagery data in buffer areas to 

analyze changes and predict future land cover, which can provide valuable data for assessing 

food availability. We investigate the integration of a Cellular Automata method with the two 

most popular analytical methods of classical Logistic Regression and data-driven Artificial 

Neural Networks, known as CA-LR and CA-ANN, to identify and map land cover changes in 

the new capital buffer zones. Our findings reveal that both combined methods, CA-LR and CA-

ANN, yield fairly promising results, with correctness and kappa statistic values exceeding 80%. 

Prediction results indicate that buffer areas are predominantly covered by trees, while built-up 

areas are still limited. The flooded vegetation cover, including rice fields, is predicted to decrease 

by 2024. This should be a matter of concern for stakeholders, considering the construction of the 

new capital city is still ongoing and the number of migrants is expected to keep rising. 

1. Introduction 

Recent studies highlight the fact that numerous countries throughout the world have successfully 

relocated their national capitals [1]. In Indonesia, the idea of moving the national capital has existed 

since the reign of the first president, Ir. Soekarno, but this was only realized during the presidency of Ir. 

Joko Widodo through Law No.3 of 2022. The Indonesian national capital will be relocated from DKI 

Jakarta to Penajam Paser Utara Regency and Kutai Kartanegara Regency in East Kalimantan Province 

[2]. One of the main reasons for relocating to the capital city is economic equality to attain people's well-

being [1]. In achieving this goal, issues of ensuring food supplies become a challenging task in the idea 

of relocating the national capital. Unfortunately, attaining food security remains a struggle for Indonesia 

to this day. While Indonesia is commonly acknowledged as a nation with a strong emphasis on 

agriculture, the truth is that it continues to face persistent challenges related to various aspects of the 

agricultural sector, including but not limited to land-use alterations, human resource management, and 

provision of necessary inputs [3].  
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One crucial aspect that should be taken into consideration to maintain food security is population 

migration since it can affect population growth. The migration of the population to the new nation's 

capital could potentially lead to an increased demand for food, which may pose a challenge to food 

security if appropriate measures are not taken in advance. Related to this matter, the role of buffer zones 

in the plan to relocate the national capital has a significant impact as they enhance the development and 

ensure the continued existence of the new capital in the most efficient manner possible [4]. The buffer 

zone is defined as the area surrounding the core urban area [5]. In the context of the new capital city of 

Indonesia, there are four buffer areas: Samarinda City, Balikpapan City, Kutai Kartanegara Regency, 

and Paser Regency. Therefore, a comprehensive analysis of the land resource potential in these areas 

needs to be carried out to monitor food security. 

The topic of food insecurity has not only become a challenge for Indonesia but it is a concern that 

continues to be a struggle for the world society. A person is considered to be food insecure when they 

lack safe and adequate nutritional food that is essential to their overall well-being and the ability to lead 

a healthy life [6]. According to estimates for 2022, the global population witnessed a distressing scenario 

as approximately 735 million individuals experienced food insecurity [7]. This circumstance is the 

reverberation of the global upheaval caused by the Covid-19 pandemic [8]. Food security is also 

highlighted in the sustainable development program arranged by the United Nations, namely the 

Sustainable Development Goals (SDGs) in its second goal, zero hunger. This program is a continuation 

of the Millennium Development Goals (MDGs) which ended in 2015. According to the SDGs' second 

goal monitoring results, global hunger, as assessed by the prevalence of undernourishment (PoU), 

remained relatively stable from 2021 to 2022, but it is still significantly higher than it was before the 

COVID-19 pandemic. 

In Indonesia, the results of development monitoring show that Indonesia has succeeded in achieving 

49 of the 67 MDG indicators. However, several indicators still need to be continued in the SDGs and 

one of them is reducing minimum consumption below 1,400 kcal/capita/day [9]. Based on data from 

Statistics Indonesia, the proportion of the population with minimum calorie intake below 1400 

kcal/capita/day in Indonesia continued to increase from 2017 to 2019. Furthermore, the PoU in Indonesia 

has risen by 1.87 percent from 8.34 percent in 2020 to 10.21 percent in 2022 according to Statistics 

Indonesia data. This data also shows that the PoU value for East Kalimantan Province exceeds 

Indonesia's value in 2022. This indicates that there is still a chance for improvement in Indonesia 

generally and particularly in East Kalimantan's response, where the country's new capital city will be 

established, to food insecurity issues. The level of hunger and food insecurity in Indonesia shown by 

these two indicators is significantly influenced by the price of rice which is greatly influenced by rice 

production [10]. Consequently, optimum governance of the potential of the national capital's buffer 

zones, particularly for rice production in terms of food security, is crucial to strengthening the role of 

buffer zones in supporting the national capital's activities and achieving food security [4]. 

One of the initiatives aimed at addressing food vulnerability in Indonesia involves creating a Food 

Security and Vulnerability Atlas (FSVA) that provides information on the state of food vulnerability 

and security. The FSVA covers three key aspects: availability, affordability, and utilization of food. The 

aspect of food availability is measured by the ratio of normative carbohydrate consumption to food 

availability using data from the Area Sampling Frame (ASF) survey of Statistics Indonesia and the 

Ministry of Agriculture data [11]. ASF Survey is an area-based survey that estimates harvested area by 

direct observation of sample segments to improve the quality of harvested area data, especially rice [12]. 

The ASF survey produces high-quality estimates, but it comes at a considerable expense [13]. 

Furthermore, the conditions required for taking images directly in the field for the ASF survey, which 

requires them to be taken when there is adequate sunlight and no shadows or other items allowed in the 

area being shot except rice plant objects, make this survey weather sensitive. The potential existence of 

difficult-to-reach regions for survey agents is also an objection to the ASF survey's operation. Hence, 

exploring alternative methods to address the limitations of the ASF survey remains an appealing 

possibility.  
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Land cover analysis is one of the remote sensing approaches that could potentially be utilized for 

estimating land area and assessing food availability in a particular region. This approach may be used 

to swiftly estimate the extent of land and changes over a vast region without costing a lot of funds, 

overcoming the constraints of the ASF survey. Extensive research has been conducted on the analysis 

and prediction of land cover change. Various methods can be utilized for this purpose. One commonly 

used method is the Cellular Automata-Markov Chain approach [14–16], while others have integrated 

Artificial Neural Network and Cellular Automata [17–20]. Additionally, machine learning methods like 

Decision Trees and Support Vector Machines can also be employed to evaluate land cover change [21]. 

However, it is important to note that there is limited research specifically focused on analyzing changes 

and predicting land cover for the new capital city of Indonesia. Therefore, this study aims to fill this gap 

by examining land cover changes and predictions in the buffer zones surrounding Indonesia's new 

capital city. The findings of this research will be valuable for stakeholders in supporting the planning 

and development of the new capital city of Indonesia. 

2. Data and Study Area 

2.1. Study area 

Following Indonesian Minister of Agriculture Decree No. 472/Kpts/RC.040/6/2018 on the Location of 

the National Agricultural, In East Kalimantan Province, there are three rice commodity development 

areas: Kutai Kartanegara, Paser, and North Penajam Paser. These locations are expected to meet or 

lessen East Kalimantan's dependency on imported rice commodities. These three regions also serve as 

buffer zones for Indonesia's new capital city so that it is expected to be able to support the food needs 

of the new capital city. Therefore, these three regions were chosen as the focus of this study. 

 

Figure 1. Research study area. 

2.2. Data 

Sentinel-2 satellite imagery was used to obtain the data for this study. Land use land cover (LULC) data 

is collected by utilizing Google Earth Engine (GEE), a cloud-based platform that offers the analysis of 

global environmental data. LULC data describes the earth's surface cover and its use regarding the socio-

economic or functional aspects of the land [22]. This data consists of 9 classes with details that can be 
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seen in Table 2. The spatial land cover prediction model will be developed using these land cover data. 

To assist in the development of a land cover prediction model, driving factors are used, namely slope 

and digital elevation model (DEM) obtained from the  National Aeronautics and Space Administration 

of the Shuttle Radar Topography Mission (NASA-SRTM) Digital Elevation Model 30m. The area 

coverage of land cover, slope, and DEM data used is adjusted to the research study area using 

administrative boundary data. 

Table 1. Indicator used in this research. 

No Indicator Source Product Temporal 

Resolution 

Spatial 

Resolution 

References 

1 Land Use Land 

Cover (LULC) 

Sentinel-2 

 

ESRI 10m Annual 

Land Use Land Cover 

(2017-2022) 

10 Days 10 m  

(Raster Data) 

[23] 

2 Digital Elevation 

Model (DEM) 

NASA SRTM NASA SRTM Digital 

Elevation 30m 

- 30 m 

(Raster Data) 

[24] 

3 Slope NASA SRTM NASA SRTM Digital 

Elevation 30m 

- 30 m 

(Raster Data) 

[24] 

4 Administrative 

boundaries 

Statistics  

Indonesia 

Indonesia 

administrative 

boundaries 

- Vector Data - 

 

Table 2. Land cover classes. 

Class  Land Cover  Definition 

1 Water Areas with a high concentration of water year-round 

2 Trees Areas with dense stands of tall plants that are at least 15 feet tall and 

typically have a closed or dense canopy. 

4 Flooded 

Vegetation 

Extensively watered and inundated agriculture, surrounded by clear water 

mixtures throughout the greater part of the year, such as flooded 

mangroves and rice paddies. 

5 Crops Crops that humans have planted or plotted which not surpass tree height, 

like corn/maize, soy, and wheat. 

7 Built Area Constructions built by humans such as housing, dense villages/cities, and 

paved roads. 

8 Bare Ground A rock or soil structure with little or no vegetation year-round. 

9 Snow/Ice A huge and homogeneous area of persistent ice or snow. 

10 Clouds No information was found on land cover caused by constant cloud cover. 

11 Rangeland Landscaped areas with similar grass cover and minimal to no higher plants. 

3. Methods 

The advancement of remote sensing gives the possibility of more advantages, economical, and 

instantaneous possible treatments to modern problems [25,26]. In numerous real-world scenarios, 

including estimating economic activity from space [26–28], forecasting rainfall simulation [29], 

agricultural statistics and monitoring [30,31], and oil palm cultivation detection [32–35], etc. remote 

sensing techniques have become increasingly popular in recent years. There is high temporal frequency 

and spatial resolution data accessible from remote sensing [28,32]. Furthermore, as this data might span 
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a large geographic area, it may be useful to track geographical and temporal information and create a 

catalog of each specific object on Earth's surface [33,35]. 

Using satellite imaging data, this research was conducted to predict the land cover in the buffer zones 

around Indonesia's planned capital city in 2024. The procedure involves data collecting and pre-

processing, model development, model validation, simulation of land cover prediction, and analysis of 

land cover changes from 2018 to 2024. 

 

Figure 2. Research framework. 

3.1. Data collection and preprocessing 

The land cover data obtained from the Sentinel-2 satellite imagery through the Google Earth Engine 

(GEE) encompasses three years with a two-year gap, specifically 2018, 2020, and 2022. These particular 

years were chosen based on the availability of data and the requirements of the research to make 

predictions about the land cover in 2024. The research study area, which is located in the tropical region, 

only has two seasons, namely the rainy season and the dry season, hence there is no snow in this area. 

As a result, the downloaded land cover satellite imagery does not contain class 9, namely snow/ice. In 

addition to the land cover information, supplementary data such as slope and DEM (Digital Elevation 

Model) from NASA SRTM (Shuttle Radar Topography Mission) are also acquired using the GEE 

platform. Before further analysis, the data undergoes a pre-processing stage where the coordinate 

reference system (CRS) is aligned to WGS84 to ensure compatibility. The data obtained from GEE is 

then clipped to match the research-specific study area. This process also helps to reduce the 

computational workload of image processing. 

3.2. Modeling land cover change 

3.2.1. Defining inputs. To perform simulation and prediction of land cover changes, the 2018 (initial) 

and 2020 (final) land cover maps are loaded as input data along with two spatial variables, namely DEM 

and slope. 

3.2.2. Correlation analysis of spatial variables. In this study, the spatial variables that have been chosen 

for analysis are the Digital Elevation Model (DEM) and slope. These particular variables were chosen 

based on prior research. Pearson's correlation was chosen to examine the relationship between the two 

variables considering the variables are not categorical. Pearson correlation coefficients vary between -1 
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and 1. A greater association between variables is indicated by the closer the Pearson's coefficient to ±1 

regardless of the direction.  

3.2.3. Changes analysis. This stage is carried out by calculating the area and its changes from land cover 

initial year and final year. The percentage change of each land cover class can be identified from the 

processing results. Moreover, a change map will be generated as one of the outputs of this process. A 

transition matrix is used to see changes in pixels from one class to another class. 

3.2.4. Land cover change simulation. At this stage, a land cover change simulation for 2022 is carried 

out using two methods specifically Artificial Neural Network Multi-Layer Perceptron (ANN) and 

Logistic Regression (LR) methods integrated with Cellular Automata which is performed using QGIS 

plugin MOLUSCE. A cellular automaton (CA) is employed to simulate the changes in land use and land 

cover (LULC) by utilizing the transition probabilities derived from the ANN and LR learning procedure. 

CA models are commonly used to forecast how previous changes may affect the future via local 

interactions between the lands. Besides the input factor, CA is used to determine a collection of 

automatons that are impacted by the neighborhood [16]. The driving factor and slope from DEMs are 

utilized for the study because they provide repeatable data on both physical and human-related effects 

upon LULC [36].  

A neural network is a collection of associated input and output components, each with its weight. 

The advantages of neural networks include their capability to handle noisy data effectively, which means 

they can still produce accurate results even when the input data is not entirely clean or error-free. A 

neural network is capable to learn and discover complex relationships and patterns within the data, even 

when our knowledge about the data is limited. Moreover, neural networks possess the ability to 

recognize and classify patterns that they have not specifically been trained on, making them highly 

adaptable and versatile in various scenarios. Unlike many decision tree algorithms that are primarily 

designed for categorical data, neural networks can handle a wide range of numeric inputs and produce 

continuous outputs, making them particularly useful in domains where a continuous value prediction is 

required. Furthermore, neural networks can be employed even in situations where we have limited 

knowledge or understanding of the relationship between attributes and classes. These characteristics 

make neural networks a powerful tool in various fields and applications [37].  

The ANN model structure used to predict the potential for land use transition can be seen in Figure 

2. Input is passed simultaneously through the input layer, given a weight, and then processed in the 

hidden layer, producing an output layer consisting of land cover reclassified classes. The parameters 

used in the ANN architecture include a 3 px neighborhood, 0.10 learning rate, 1000 maximum iterations, 

and 10 hidden layers. 
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Figure 3. Structure of ANN model. 

In addition to ANN, the Logistic Regression approach is also carried out to model the transitional 

potential. In general, logistic regression is a statistical method that is particularly effective in analysing 

and evaluating the connections between a categorical result variable and one or more categorical or 

continuous predictor variables. Logistics regression has the ability to overcome the difficulties of linear 

regression to describe a non-linear shape. More specifically, the logistic model forecasts the logarithm 

of the odds of the outcome variable based on the predictor variable(s). As previously mentioned, the 

logit represents the natural logarithm (ln) of the odds, and odds refer to the ratios of the probabilities of 

the outcome variable occurring. A simple logistic model is defined by the following formula [38]. 

𝑙𝑜𝑔𝑖𝑡(𝑌) = 𝑛𝑎𝑡𝑢𝑟𝑎𝑙 𝑙𝑜𝑔(𝑜𝑑𝑑𝑠) = 𝑙𝑛 (
𝜋

1−𝜋
) = 𝛼 + 𝛽𝑋   (1) 

𝜋 =
𝑒𝛼+𝛽𝑋

1+𝑒𝛼+𝛽𝑋
     (2) 

Where α is the intercept, β is the regression coefficient, and e = 2.71828. The LR model was built 

using 100 maximum iterations and 3 px neighborhoods. Meanwhile, the samples used to build 

transitional potential in both methods were 1000 samples taken randomly from the input raster pixels. 

3.3. Model validation 

Model validation involves comparing the predicted or simulated land cover with the reference 2022 land 

cover to assess its accuracy. This validation process utilizes two main measures: the percentage of 

correctness and the kappa coefficient. A model is considered to have excellent agreement if the kappa 

value exceeds 80% [39]. 

3.4. Land cover prediction 

Once the model successfully fulfills the predetermined criteria during the validation stage, we proceed 

to generate a prediction of the alteration in land cover for the year 2024.  
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4. Results 

4.1. Inputs data and driving factors 

The input data used to build the land cover prediction model is LULC 2018 and LULC 2020 with DEM 

and Slope support factors. This data will be used to predict land cover in 2024, which is preceded by 

predicting land cover in 2022 to validate the model that has been made. 

 

Figure 4. Land Uses and Land Covers (LULC) Input. (a) LULC 2018; (b) LULC 2020. 

 

Figure 5. Driving factors: (a) DEM, (b) Slope. 
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According to the findings of the correlation analysis, it has been determined that the Pearson 

correlation coefficient between the Digital Elevation Model (DEM) and the slope is 0.6104. This 

indicates a moderate level of strength in the association between these two spatial variables. 

4.2. Land cover change assessment 

Table 3 displays the annual variations in land cover area. The buffer zone surrounding Indonesia's new 

capital city is primarily composed of trees, constituting over 80% of the total land cover. The presence 

of flooded vegetation and cultivated crops has witnessed an upward trend from 2018 to 2022, although 

it is anticipated to diminish in 2024 according to the forecasts generated by the Artificial Neural Network 

(ANN). The logistic regression (LR) result also predicts a reduction in the percentage of flooded 

vegetation land cover in 2024. This is not a good sign because the reduction of this area can affect food 

production, including rice. Thus, this can affect food security in the buffer zone.  

Table 3. Annual area change. 

Class 

Area (%) 

2018 2020 2022 
2024 

ANN LR 

Water 3.06 3.21 3.37 3.56 2.44 

Trees 83.36 83.18 82.19 83.72 82.35 

Flooded Vegetation 1.76 2.10 3.31 1.64 2.50 

Crops 4.39 4.58 5.16 4.37 5.89 

Built Area 0.88 1.01 0.96 0.94 0.65 

Bare Ground 0.38 0.47 0.47 0.43 0.30 

Clouds 0.26 0.08 0.15 0.08 0.06 

Rangeland 5.91 5.36 4.38 5.25 5.81 

Total 100.00 100.00 100.00 100.00 100.00 
 

Table 4. Temporal changes. 

Class 

Temporal Changes (%) 

2018-2020 2020-2022 
2022-2024 

ANN LR 

Water 0.147 0.165 0.190 -0.931 

Trees -0.181 -0.991 1.532 0.163 

Flooded Vegetation 0.348 1.203 -1.662 -0.809 

Crops 0.193 0.579 -0.793 0.731 

Built Area 0.133 -0.050 -0.020 -0.309 

Bare Ground 0.093 -0.001 -0.039 -0.168 

Clouds -0.182 0.071 -0.073 -0.099 

Rangeland -0.550 -0.976 0.867 1.423 

 

Table 4 shows the temporal changes in land cover from 2018-2020, 2020-2022, and 2022-2024. In 

general, changes in rangeland and flooded vegetation are prominent compared to other classes. Notably, 

the most substantial transformation occurred in flooded vegetation between the years 2020 and 2022. 

Interestingly, land cover classes associated with food production, such as flooded vegetation and crops, 
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are projected to exhibit a decline from 2022 to 2024. Conversely, there is an anticipated increase in the 

coverage of trees during the same time frame. 

Table 5. Transition matrix from 2018 to 2024 Artificial Neural Networks (ANN) prediction. 

Year   2024 

 LULC 

Class 
Water Trees 

Flooded 

Vegetation 
Crops 

Built 

Area 

Bare 

Ground 
Clouds Rangeland 

2
0

1
8
 

Water 0.849 0.038 0.087 0.010 0.002 0.006 0.000 0.008 

Trees 0.001 0.952 0.003 0.013 0.001 0.002 0.000 0.027 

Flooded 

Vegetation 
0.354 0.116 0.413 0.018 0.001 0.002 0.001 0.096 

Crops 0.031 0.255 0.023 0.651 0.009 0.003 0.001 0.029 

Built Area 0.003 0.132 0.000 0.021 0.809 0.017 0.007 0.010 

Bare 

Ground 
0.055 0.188 0.026 0.030 0.019 0.344 0.005 0.333 

Clouds 0.016 0.619 0.009 0.056 0.113 0.049 0.055 0.084 

Rangeland 0.011 0.437 0.046 0.055 0.005 0.016 0.002 0.429 

Using the CA-ANN method, transition potential from 2018-2024 is shown in Table 5. Flooded 

vegetation is considered unstable land cover compared to trees which have a value of 0.952. Among all 

categories, water land cover has the most contribution to flooded vegetation. Meanwhile, the value of 

crops is 0.651. This shows that crops are more stable than flooded vegetation, but this number is also 

not satisfactory. This is quite unfortunate considering that flooded vegetation and crops are land covers 

that are closely related to food availability. 

Table 6. Transition matrix from 2018 to 2024 Logistic Regression (LR) prediction. 

Year   2024 

 LULC  

Class 
Water Trees 

Flooded 

Vegetation 
Crops 

Built 

Area 

Bare 

Ground 
Clouds Rangeland 

2
0

1
8
 

Water 0.640 0.079 0.214 0.021 0.003 0.010 0.000 0.033 

Trees 0.001 0.922 0.004 0.026 0.001 0.001 0.000 0.044 

Flooded 

Vegetation 
0.166 0.171 0.548 0.024 0.002 0.002 0.000 0.087 

Crops 0.019 0.232 0.038 0.665 0.016 0.002 0.001 0.027 

Built Area 0.005 0.338 0.040 0.092 0.446 0.021 0.004 0.053 

Bare 

Ground 
0.033 0.503 0.033 0.066 0.013 0.114 0.003 0.235 

Clouds 0.012 0.695 0.011 0.071 0.066 0.027 0.043 0.074 

Rangeland 0.003 0.550 0.062 0.091 0.005 0.012 0.001 0.275 

The CA-LR method result shows a similar result with the CA-ANN method where the tree class is 

the most stable category. Based on the CA-LR method result, flooded vegetation has better stability than 

the results of the CA-ANN method. In addition, the class that makes the largest contribution to flooded 

vegetation is the same as the results shown by CA-ANN, namely water. 

Below, we display graphs of annual area change by regency. From these graphs can be seen the 

composition of land cover and its annual changes at the regency level. 
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Figure 6. Annual area change of Kutai Kartanegara Regency. 

 

Figure 7. Annual area change of Paser Regency. 

 

Figure 86. Annual area change of Penajam Paser Utara Regency. 
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The three buffer areas covered in this research have relatively similar land cover composition from 

2018 to 2024 with the dominance of the Trees class. It can be seen that the built area in these regions is 

relatively small compared to the total land cover. Among these three regions, Kutai Kartanegara 

Regency has the highest proportion of flooded vegetation area. Meanwhile, the proportion of crop land 

cover is more prominent in Penajam Paser Utara Regency.  

By examining the composition of the land cover in the buffer areas, there is potential land cover that 

can be utilized to maintain food security. The government can consider converting tree land into 

agricultural land, especially rice fields. Thus, it is expected that it can increase rice production. 

4.3. Transition potential modeling and model validation 

CA-ANN and CA-LR approaches were utilized to build the prediction model, which was assisted by the 

DEM and Slope spatial data. We projected land cover in 2022 using LULC data from 2018 and 2020. 

Table 7 shows a comparison of the actual and projected land cover outcomes in 2022. 

Table 7. Comparison of actual and predicted Land Uses Land Covers 2022. 

Class 

CA-ANN Method   CA-LR Method 

2022 

Actual 

Area (%) 

2022 

Predicted 

Area (%) 

Difference 

(%) 
  

2022 

Actual 

Area (%) 

2022 

Predicted 

Area (%) 

Difference 

(%) 

Water 3.37 3.44 0.07   3.37 2.74 -0.64 

Trees 82.19 83.63 1.44  82.19 83.08 0.89 

Flooded Vegetation 3.31 1.79 -1.51  3.31 2.35 -0.96 

Crops 5.16 4.41 -0.75  5.16 5.45 0.29 

Built Area 0.96 0.95 -0.01  0.96 0.73 -0.23 

Bare Ground 0.47 0.43 -0.04  0.47 0.30 -0.16 

Clouds 0.15 0.08 -0.07  0.15 0.06 -0.09 

Rangeland 4.38 5.26 0.88  4.38 5.30 0.91 

Total 100.00 100.00     100.00 100.00   

When comparing the actual land cover to the predicted results obtained from both the CA-ANN and 

CA-LR methods, notable differences can be observed. The CA-ANN method exhibits the greatest 

disparities in the flooded vegetation and tree categories. However, the built area is accurately predicted, 

indicated by the minimal variance between the actual and predicted land cover. The comparison of 

results from the CA-LR method also reveals discrepancies in the flooded vegetation classes. Both 

methods demonstrate an underestimation of five classes and an overestimation of three classes, as 

outlined in Table 7. Despite these variations, there is no significant disparity between the actual area and 

the predicted results for the year 2022. 

Table 8. Validation result. 

Method 
% of 

Correctness 

Kappa 

(overall) 

CA-ANN 95.6383 0.9144 

CA-LR 94.6773 0.8958 

The validation results of both the Artificial Neural Network (ANN) and Logistic Regression (LR) 

methods indicate a slight difference in the percentage of correctness. The ANN method yields a higher 

correctness value of 95.6383 compared to LR which has a value of 94.6773. Additionally, the overall 

Kappa value of the ANN method is slightly higher than that of LR. However, it is noteworthy that both 
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methods exhibit a validation measure value of over 80%, indicating a strong level of agreement for the 

model. 

4.4. Land cover future prediction 

The findings from the land cover predictions conducted in the buffer region of Indonesia's upcoming 

capital city reveal that the predominant land cover class in this area is still Trees. Furthermore, the built-

up area's land cover remains relatively minimal. The area of flooded vegetation is also relatively small. 

This observation suggests that the development within the buffer zone has not progressed significantly. 

Generally, it can be seen that the land cover in this buffer area has not undergone substantial alterations 

between 2018 and the projected outcomes for 2024. 

 
Figure 9. LULC prediction result. (a) LULC 2018; (b) LULC 2020; (c) 

LULC 2022; (d) prediction of LULC 2024 using CA-ANN; (e) prediction of 

LULC 2024 using CA-Logistic Regression. 
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The study area of this research covers three district-level administrative areas which are part of the 

buffer zones for the new capital city of Indonesia. The results of the prediction of land cover in 2024 

using the CA-ANN and CA-Logistic Regression methods for these three regions can be seen in the 

images below. 

 

Figure 10. LULC 2024 prediction result for Kutai Kartanegara Regency. 

 

Figure 11. LULC 2024 prediction result for Paser Regency. 
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Figure 12. LULC 2024 prediction result for Penajam Paser Utara Regency. 

The visual representation of the land cover prediction result by integrating Cellular Automata (CA) 

with ANN is quite in line with the results obtained using a combination of CA-Logistic Regression. The 

visual analysis reveals that, on the whole, the predictions made using ANN tend to exhibit a higher 

prevalence of built-up land cover compared to the LR predictions, particularly in the Penajam Paser 

Utara Regency. Furthermore, when examining the Paser Regency area, it becomes evident that the LR 

predictions indicate a stronger presence of flooded vegetation class compared to the ANN predictions. 

5. Discussion 

The land cover predictions carried out in this study show pretty good results. This can be seen from the 

validation results explained in the previous section. Therefore, the results of this study can be used for 

further analysis to enhance our understanding of food security. After predicting land cover, the analysis 

can be continued to estimate food availability in a particular region. By selecting the relevant land cover 

classes and implementing mathematical operations, such as multiplying with productivity data for rice 

or other food commodities, the obtained land cover prediction data can be further processed to generate 

more detailed information such as rice production. Additionally, zonal statistics can be employed to 

analyze production patterns in different administrative areas of interest.  

Previous studies have already utilized remote sensing data to predict food security [16]. The 

availability and completeness of data are factors that must be taken into account when calculating food 

adequacy. To achieve more accurate rice production estimates, it is preferable to have land cover data 

that includes specific classes for rice fields rather than more general classifications like flooded 

vegetation or crops. Furthermore, additional supporting factors, beyond just DEM and slope, can be 

incorporated to enrich the analysis. The current research solely focuses on utilizing land cover data 

obtained from remote sensing satellite imagery. For a more comprehensive food security analysis using 

land cover predictions, it is recommended to combine satellite image data with administrative records 

and field data to obtain more accurate outcomes. 

6. Conclusion 

The CA-ANN and CA-LR methods produced comparable outcomes when predicting land cover. The 

regions of Kutai Kartanegara, Paser, and North Penajam Paser in East Kalimantan Province, which have 
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been designated as buffer zones for Indonesia's new capital city, share a similar land cover composition. 

This composition remains relatively stable from 2018 to 2024 with trees being the dominant cover. 

These three regions will be focused on the development of rice commodity agriculture. Consequently, 

it is hoped that these regions will be able to provide ample food supply, particularly for the new capital 

region.  

Among the three areas, Kutai Kartanegara Regency has the largest proportion of flooded vegetation 

areas, while North Penajam Paser Regency stands out for its significant amount of cropland cover. 

Unfortunately, the land cover predictions show that the amount of flooded vegetation which includes 

paddy fields, is expected to decrease by 0.8 to 1.6 percent between 2022 and 2024. Although this 

decrease may not be significant, it is important to consider that the construction of the new capital city 

will continue in the coming years, leading to an influx of people migrating to the area. Apart from that, 

the large amount of tree land cover is a potential that can be developed to maintain food security. The 

government could consider converting a part of tree land cover into rice fields as an alternative solution 

to increase rice production. In this way, rice production in the buffer area is expected to be able to meet 

food needs in the new capital city of Indonesia. 

Besides comparable outcomes, the integration of Cellular Automata with ANN and Logistic 

Regression has proven to yield satisfactory results in predicting land cover. This can be shown by the 

high percentage of correctness and kappa values, which exceed 80%. Although the difference in the 

validation measures between the two methods is not significant, it is apparent that ANN outperforms 

Logistic Regression in terms of validation results. Nevertheless, both methods demonstrate a high level 

of accuracy in predicting land cover. 
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