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ABSTRACT  

For decades, development activities that aimed to 

improve people’s welfare have created negative 

environmental impacts. High greenhouse gas 

emissions from human activities and industrial 

development, not to mention rapid population 

growth and urban sprawl, have placed high 

pressure on natural carrying capacity. In turn, a 

continuous depletion of natural carrying capacity 

has led to unsustainable development, threatening 

future economic growth.  

This paper presents an integrated system dynamics 

and spatial dynamics model that has been used to 

project future conditions in Indonesia, focusing on 

specific sectors that represent indicators of 

Indonesia’s natural carrying capacity, including 

forest cover, water availability, biodiversity, 

fisheries, and greenhouse gas emissions and their 

feedbacks to the economic growth.   

Model simulations have formed the basis for policy 

recommendations included in the Indonesia’s 

Medium Term Development Plan (RPJMN) 2020-

2024, as well as Indonesia Vision 2045.  

1. INTRODUCTION 

Our planet is currently facing a serious threat 

caused by unsustainable development. The current 

IPCC Special Report highlighted that global 

temperature is increasing faster than expected. Air 

pollution, extreme weather, sea level rise, as well 

as hydrometeorological disasters such as floods, 

drought, and landslides are only some of 

indications that our development path is 

continuously eroding our natural carrying capacity. 

This in turns will affect agricultural production, 

reduce labor productivity, limits fish catch, and 

hamper economic growth in the future.  

The model described in this paper simulates these 

relationships. Figure 1 explains the interdependent 

relationship between natural carrying capacity and 

economic of the country reflected by GDP, that are 

affected by human activities through natural 

capital extraction. Natural capital extraction by 

human activities will contribute to GDP increase. 

The increase of GDP means surge in consumption 

that will provide feedback loop to increase natural 

capital extraction. This will create reinforcing loop 

(symbolized by “+”). On the other side, human 

activities to extract natural capital will reduce 

natural carrying capacity and create balancing loop 

(symbolized by “-“) that will further hampering 

GDP growth through declining of ecosystem 

services and decreasing of productivity.  
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Figure 1. Causal loop diagram that illustrates the 

relationship between GDP, human activities and 

natural carrying capacity   

To analyze this, the study breaks the system into 

three main components: economic, social, and 

natural carrying capacity (Table 1).  
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 Table 1. Sectors simulated in this study 

Classification Sector 

 

Economic 

 

Economic 

 

Social (human capital) 

 

 

 

Natural Carrying 

Capacity (natural 

capital) 

 

Demography 

(population) 

Level of Poverty 

 

Water (water quality 

and water availability) 

Fisheries 

Land 

Energy 

Emissions 

Biodiversity 

 

Figure 2 shows the policy making framework in 

which this study sits. The framework considers the 

interactions between development activities (left 

panel in Figure 2) and natural carrying capacity 

(right panel in Figure 2) reflected by water, 

emissions, land cover, ocean and biodiversity. To 

include natural carrying capacity as a development 

constraint is a new approach to policy making in 

Indonesia. 

 

Figure 2. Framework for policy making that 

considers natural carrying capacity 

Emissions intensity is introduced as a new 

indicator of green development that connects 

efforts to reduce GHG emissions with the 

economic growth of the country, as indicated by 

GDP growth (Figure 3). 

 

 

Figure 3. Emissions intensity defined as the 

amount of GHG emissions per unit of economic 

output 

Indonesia’s Medium Term Development Plan 

document – the so called RPJMN 2020-2024 – has 

mainstreamed Strategic Environmental 

Assessment (SEA) and made natural carrying 

capacity a development constraint.  

The process of mainstreaming SEA into RPJMN 

2020-2024 is outlined in Figure 4. The main steps 

were to develop a baseline model by combining 

system dynamics and spatial dynamics (stage 1). 

This model was used to support evidence based 

policy making in a background study (stage 2). 

This background study was then used to put in 

place policies, plans and programs (stage 3) in 

which the results of the policies to be tested again 

with the model as a feedback and iteration process 

in formulating policies, plans and programs (stages 

4 and 5) to establish the final technocratic 

document (stage 6).  

 

 

Figure 4. Stages of mainstreaming SEA into 

Indonesia’s first green Medium Term 

Development Plan (RPJMN 2020-2024) 

 

The main challenge in this study is to integrate two 

systems that have different characteristics of 

process and type of results, i.e. between System 

Dynamics model and spatial dynamics model. 

Figure 5 describes the integration process between 

the two models in this study using land cover as 

the anchor. System dynamics model produces land 

demand (desired) to be allocated spatially, while 

spatial model provides a ranking map as the results 

from the neighbourhood analysis (CA) and 

suitability accessibility analysis (ANN). Further, 

the land cover simulation will produce land cover 

of t+1 and it feeds information of the land demand 

(actual) that can be fulfilled spatially. In practice, 

desired demand will always greater than actual 

demand due to spatial constraints in the simulation 

model. The direct effect received by the system 

dynamics is the pattern of land transactions that 

will change and affect the desired demand at the 

t+1 simulation.  
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Figure 5. Integration process between system 

dynamics and spatial dynamics 

 

At the same time, in spatial dynamics model side, 

the updated land cover become the base model of 

land cover at t+1simulation. The carrying capacity 

indicators map that produced from the land cover 

simulation also become additional driving factor to 

improve the carrying capacity indicators in 

particular location.  

 

2. SYSTEM DYNAMICS 

The basic objective of System Dynamics is to 

develop an understanding of the relationship 

between the feedback structure of a system and its 

dynamic behavior (Sterman, 2000; Stepp et al, 

2009), so that policies can be developed to 

overcome problematic system behaviors. Thus, 

policy modeling aims to predict behavior (behavior 

prediction) not to predict details (point prediction).  

System dynamics offers a systemic and integrated 

approach to overcome silo problems that often 

occurs between sectors. In this study, system 

dynamics is used to analyze linkages and feedback 

interaction between SDGs goals within Strategic 

Environmental Assessment (SEA) framework to 

support development process of the National 

Medium Term Development Plan (RPJMN) 2020-

2024 as seen in Figure 6.  

The study analizes the relationship of system 

behaviors of interest represented by a set of 

indicators of SDGs goals that corresponds with 

sectors of Strategic Environmental Assessment 

(SEA), including economic, social, natural 

resources. These were (1) Economic stock-flows; 

(2) Social stock-flows that includes population and 

welfare; (3) Natural resources stock-flows that 

includes land use, energy, water, and fisheries; and 

(4) absortive capacity stock-flows that includes 

GHG emissions, climate and biodiversity. This 

paper will discuss in more detail how the 

environmental indicators that represent natural 

carrying capacity were modelled. 

 

 

 

Figure 6. Integrated analysis that associate SDGs 

goals and system behaviors of interest represented 

by economic, social and environmental sectors. 

 

3. SPATIAL DYNAMICS 

System dynamics models are non-spatial. Many of 

the environmental indicators used in this study are 

spatial in nature, such as water, land use and 

biodiversity. Combination between system 

dynamics model with spatial model in this study 

will create a spatial dynamics model. The size of 

cells used in this study is 25Ha (500m x 500m).  

The main spatially dynamics indicator modeled in 

this study was land cover change. The two main 

determinants of land cover change were the socio-

economic demand for each land cover type 

(simulated by the system dynamic model) and the 

ability of each land cover type to change into 

another land cover type according to this demand. 

To spatially allocate the change in land cover 

according to these determinants we used a 

combination of Cellular Automata (CA) and 

Artificial Neural Networks (ANN), proposed by 

Yang et al (2016). 

3.1. Cellular Automata (CA) 

Cellular Automata (CA) is a method commonly 

used to analyze spatial dynamics. CA models the 

effect of neighboring cells on a cell. Hence, 

neighborhood mechanism is very important in CA 

analysis. A circular neighborhood cells consist of 

196 cells adopted from White (2000) was used in 

this study (Figure 7).  
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Figure 7. White’s neighborhood system 

 

Verburg (2004) introduced an approach to study 

the spatial patterns within a specific neighborhood, 

known as the Enrichment Factor (F), where F is 

defined as the appearance of a land cover type in 

the neighborhood of a location (cell) relative to the 

appearance of that land cover type in the study 

area (1), where Fi,j,d is the enrichment factor for 

neighborhood d at location I with land cover type 

k. 

          (1) 

Van Vliet et al (2013) introduced a technique to 

identify the change in the Enrichment Factor for 

land cover between two different points in time 

(2), where Fk,l,d is the Enrichment Factor for land 

cover type l in all locations that change to land 

cove type k at distance d, and Nk is the number of 

cells that turn into land cover type k between years 

T1 and T2. In this study, Enrichment Factor 

analysis was used to obtain information on the 

historical land cover change patterns. 

       (2) 

For the land cover j case, the pixel i score can be 

obtained by adding up the value of neighboring 

cells i by using the enrichment factor equation of 

the land cover j. The equation CA neighboring 

score can be simply expressed by:  

                             (3) 

Where Ni,j is the CA neighborhood score of pixel i 

for particular land cover j, and np,j is the 

neighboring value of a pixel within the 

neighborhood of pixel i that have been calculated 

by using Enrichment Factor (EF) equation of land 

cover j. The final result of the CA analysis is the 

heat map of neighborhood value for particular land 

cover type.  

 
Figure 8. Example of CA neighborhood analysis 

for settlement. The brighter the cells, the higher 

chance of settlement to develop at that cell. 

3.2. Artificial Neural Network (ANN) 

Artificial Neural Networks (ANN) are a statistical 

model learning system inspired by the human 

nervous system. In an ANN there are three main 

layers, namely the input layer, hidden layer, and 

output layer. Development of an ANN requires a 

data set for training followed by back-propagation 

modeling to test model predictions against the data 

(Figure 9). If the results of the training produce a 

stable model structure, then the ANN is used for 

forecasting. 

In this study, ANN was used to automatically learn 

the probability of land cover in a specific location 

(cell) given accessibility (road network, river, etc.) 

and land suitability (slope, water availability, 

elevation, soil type, and critical land). These 

parameters were chosen because they have great 

influence to the land cover change phenomenon. 

For instance, critical land parameter can be used to 

obtain information on how far the correlation 

between the critical land with the forest cover 

behavior, particularly for the deforestation case 

within protected forest area in Sumatra and 

Kalimantan. Critical land has significant influence 

to the forest cover because 50% of the critical land 

scoring is based on the percentage of forest cover 

in a particular area.  

Land cover between 2000 and 2014 is used to train 

the ANN along with the biophysical parameters 

listed in Table 2. The parameters used to for 

determine land accessibility and suitability are 

listed in Table 3. 

 

Figure 9. The ANN architecture used to predict 

the probability of land cover given accessibility 

and suitability 
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Table 2. Biophysical parameter data use to train 

the ANN 

Parameter Value Water Class 

Absolute Scarcity 1 

Scarcity 

Stress 

No stress 

2 

3  

4 

 

Parameter Value Slope  Class 

0 – 2 degree 1 

2 – 5 degree 

5 – 15 degree 

15 – 30 degree 

30 – 55 degree 

 > 55 degree 

2 

3  

4 

5 

6 

 

Parameter Value Critical Land 

Very critical 1 

Critical 

Slightly critical 

Potential critical 

Not critical 

2 

3  

4 

5 

 

Parameter Value Peat 

Peat 

Non-peat 

1 

2 

 

Once trained, the ANN was used to calculate the 

probability of land accessibility, suitability and 

cover for all cells across Indonesia. 

Table 3. Parameters used to determine land 

accessibility and suitability 

Suitability Accessibility 

Critical land Proximity of the road 

Water availability 

Ecoregion type 

Soil type 

Slope 

Peat 

Proximity of the river 

Proximity of the 

Settlement 

 

 

Figure 10 is resultant map for accessibility in 

Kalimantan. The higher the value of a cell 

(yellow), the higher the probability of land cover 

changing to settlement. Note that high probabilities 

occur along river channels and increase when the 

river channel is near a road and settlement area. 

The land use change probability maps were used to 

spatially allocate the results of the system dynamic 

model simulations. 

 

Figure 10. ANN result for accessibility in 

Kalimantan Island, Indonesia 

 

3.3. The Transition Potential 

In spatial dynamics analysis, Transition Potential 

(TP) is defined as the total of spatial potential that 

possessed by particular spatial unit (pixel) based 

on the CA neighbourhood analysis, ANN 

suitability analysis, ANN accessibility analysis, 

and zoning. The equation of the TP that possessed 

in each cell for particular j land cover can be 

expressed as, 

                         (4) 

 

Where TP is Transition Potential, N is 

neighborhood effect, S is suitability, A is 

accessibility, Z is zoning status, and j-index is 

particular land cover type. Based on this TP, land 

demand that produced by system dynamics will be 

spatially distributed by using a ranking system. 

The higher the TP of a cell for a type of land 

cover, the higher the rank obtained by that cell.  

 

4. DISCUSSION AND RESULTS 

4.1. Land Cover 

The need for land is increasing along with 

population growth. This study divided land cover 

into four categories: i) forest; ii) agriculture; iii) 

settlement and industry; and iv) other land (Table 

4). Land cover change is heavily influenced by 

demand. For example, the demand to build houses 

will cause land cover to change from forest to 

residential. Therefore, the forest cover will 

decrease, and settlement area will increase 

respectively.  

The study simulated land cover change in relation 

to carrying capacity indicators, including land 

availability, water availability, biodiversity, palm 

oil plantation, and greenhouse gas emissions.  
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Table 4. Land cover categories used in the System 

Dynamic and Spatial Dynamic models 

System Dynamics 

Model 

Spatial Dynamics 

Model 

 

Forest 

 

 

 

Agriculture 

 

 

 

Settlement and Industry 

 

Other Land 

 

Primary Forest 

Secondary Forest 

Planted Forest 

 

Rice-Paddy 

Palm Plantation 

Other Agriculture 

 

Settlement 

 

Bush 

Empty Land 

Water Body 

Mining 

Other 

 

System dynamics modeled the land use changes 

based on land demand for agriculture and 

settlement. The simulation set in this study was 

2000 to 2045. The model simulation showed that 

deforestation in Indonesia is continuous and 

unavoidable. Indonesia’s precious forest will 

decrease from 55% in 2000 to 47% in 2030 and 

further to 45% in 2045. As such, agricultural land 

was predicted to increase from 26.15% in 2000 to 

36.54% in 2030 and to 44.94% in 2045 (Figure 

11). 

The result, then, will provide feedback input for 

spatial dynamics modeling to predict land use 

change and deforestation (Figure 12).  

 

 

Figure 11. Predicted change in land cover in 

Indonesia (percentage %) 

 

Figure 12. Predicted area of deforestation in 

Indonesia (2000 – 2045) 

 

At the ecoregion level, significant change of land 

cover is predicted to occur in the three largest 

islands of Indonesia, i.e. Sumatera, Kalimantan 

and Papua, mostly driven by agricultural and 

plantation activities. In Sumatra, the total forest 

cover is predicted to decrease from 35.37% in 

2000 to 23.52% in 2030.  Likewise, the total forest 

in Kalimantan is expected to decline by 13% by 

2030. However, the change in total forest cover in 

Papua is expected to be relatively small, around 

2% decline by 2030. 

Shifts from primary to secondary forest are not 

included in the model and specific polices are 

required to avoid further shifting from secondary 

forest into non-forest cover in the future. Once 

forest area has shifted to non-forest the carrying 

capacity of the system will be reduced, including 

carbon sequestration, maintaining water 

availability, as well as habitat for endangered 

species. This mainly because agriculture, 

settlement and other land use have small carbon 

sequestration capability compared to forest area 

and absorb less surface water. 

 

Figure 13. Predicted forest cover reduction of 

Indonesian main islands between 2015 and 2030 

(ha) 

4.2. Water Availability and Water Quality 

Model simulation showed that the trend of 

domestic water supply at the national level is 

continuously decreasing, although it is still be able 

to meet overall water demand until 2050 (Figure 

14). The impact of climate change has also 

affecting rainfall as main source of water. 
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Figure 14. Predicted supply (green line) and 

demand (grey line) of surface water in Indonesia 

(billion m3 / year) 

The spatial analysis of water availability was 

conducted by grouping areas into four Falkenmark 

categories based on availability per capita per year. 

The analysis was divided into four categories i.e. 

no-stress, stressed, scarcity, and absolute scarcity 

or critical. Bali and Nusa Tenggara islands were 

predicted to have water scarcity by 2045, while 

Java is predicted to have water scarcity from 2015 

onwards (Figure 15).   

 

 

 

Figure 15. Predicted change in water availability 

in Indonesia based on Falkenmark scarcity 

categories 

Water quality was assessed using Biological 

Oxygen Demand (BOD) and Chemical Oxygen 

Demand (COD) (Figure 16). The BOD standard 

for the farming of freshwater fish, animal 

husbandry and crop irrigation is 6 mg/l. BOD is 

predicted to reach 7.6 mg/l by 2030, exceeding the 

BOD standard issued by the Government. 

However, the COD standard issued by the 

Government is 50 mg/l. Based on the simulation, 

the COD is predicted to reach 25 mg/l by 2045 

which is still below the COD standard. 

 

 

 

Figure 16. Predicted change in BOD and COD in 

Indonesia at national level (mg/l) 

4.3. Energy 

Energy demand was predicted to increase over 

time, reaching 50 million TJ in 2045. In 2030, 

energy supply is predicted to achieve 75 % of 

energy demand. However, the continuation 

increase of demand is not followed by the increase 

of supply side. Therefore, the supply of energy 

will decrease to 28% of demand by 2045. This will 

increase Indonesia’s dependence on energy 

imports over time (Figure 17). 

 

Figure 17. Predicted change in energy supply and 

demand for Indonesia based on primary sources 

Electricity consumption per capita is predicted to 

reach 2,578 KWh/capita/year by 2030, a 2.3 fold 

increase compared to 2017 consumption levels. By 

2050 it is predicted to reach 8,728 

KWh/capita/year by 2050, an 8 fold increase 

compared to 2017 (Figure 18). 
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Figure 18. Predicted change in electricity 

consumption per capita in Indonesia 

The two types of renewable primary energy 

sources included in the model were hydro and 

biofuels. Under baseline conditions, the proportion 

of renewable energy in electricity generation was 

predicted to decrease from 15% in 2020 to 12% in 

2018, 9% in 2030 and 3% in 2050 due to the use of 

fossil resources in electricity generation. The 

increase of renewable energy that align with the 

National Energy Plan (RUEN) can boost 

renewable energy proportion up to 21-32% by 

2045 (Figure 19).  

 

Figure 19. Predicted change in the proportion of 

energy production coming from renewable energy 

in Indonesia 

4.4. Biodiversity 

The area of endangered species habitat in four 

ecoregions (Java, Sumatera, Kalimantan and 

Sulawesi) was predicted to decrease from 2030 to 

2045 (Table 5). There are nine target species that 

we assessed, including Sulawesi Babirusa, 

Sulawesi Anoa, Java Rhinoceros, Java Owa, 

Kalimantan Elephant, Kalimantan Orangutan, 

Sumatran Orangutan, Sumatran Elephant, and 

Sumatran Tiger. Protecting these species is a 

priority because their extinction will lead to the 

extinction of other species. 

Table 5. Predicted area of habitat in good 

condition for endangered species in Indonesia 

2000 2010 2020 2025 2030 2045

1 Sulawesi Babirusa Sulawesi 66.23 63.30 60.55 59.38 58.26 55.54

2 Sulawesi Anoa Sulawesi 75.23 73.15 70.95 69.98 69.08 66.77

3 Java Rhinoceros Java 68.48 62.66 59.94 58.73 58.15 56.63

4 Java Owa Java 49.12 46.03 43.43 41.81 40.40 36.95

5 Kalimantan Elephant Kalimantan 99.83 99.87 99.87 99.87 99.87 98.26

6 Kalimantan Orangutan Kalimantan 97.69 87.94 77.52 72.98 69.09 59.23

7 Sumatran Orangutan Sumatra 95.00 88.32 78.53 72.60 68.41 48.87

8 Sumatran Tiger Sumatra 93.83 88.53 79.46 74.70 69.29 54.88

9 Sumatran Elephant Sumatra 61.62 53.27 42.98 36.29 32.34 17.55

Baseline %
No Species Ecoregion

 

 

Figure 20 shows that deforestation has a direct and 

significant impact to the habitat of the target 

species. Good habitat is defined as primary and 

secondary forest cover. Poor habitat is defined as 

land cover types other than forest. By 2030 it was 

predicted that most of the area in South 

Kalimantan would be converted into palm 

plantations. This certainly has a negative impact on 

the habitat quality of the target species in the 

region. To note that the coverage of biodiversity 

modelled in this study is limited to land mammals.   

 

Figure 20. Predicted distribution of endangered 

species habitat in good and bad condition across 

Indonesia 

4.5. Fisheries 

Capture fisheries production was predicted to 

increase until 2018 and then stabilize in the range 

of 8 to 9 million tons per year until 2050. Capture 

fisheries production increased 1.5 fold between 

2000 and 2017, but is predicted to grow by only 

0.5% per year between 2018 and 2045. 

 

 

Figure 21. Predicted change in capture fishery and 

aquaculture production in Indonesia 

From the aquaculture sector, production shows 

better growth in the long term. Production in 2030 

was estimated to reach 29 million tons, a 3.3 fold 

increase compared to 2017, and then grow by an 
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average of 4% per year until 2045. This shows that 

production in the fisheries sector will be 

dominated by aquaculture. 

4.6. Emissions and Emissions Intensity 

Total emissions and emission intensity were also 

modelled in this study. By 2030, total emissions 

were predicted to increase 1.9 fold compared to 

2010. Meanwhile, GDP increased three fold in the 

same period (Figure 22). This means that the 

projected emissions produced are lower than 

economic growth. Energy emissions contribute 

45% of total emissions by 2030, while land-based 

emissions (without peat fires) decreased from 39% 

to 29% of total emissions. 

 
 

 

Figure 22. Predicted change in total emissions (Gg 

per year) and GDP per capita (Rp per capita) for 

Indonesia 

Under baseline conditions, emission intensity was 

predicted to decrease by 2045 (Figure 23), which 

means that production activities are projected to 

become more efficient in terms of emissions over 

time. The improvement in resource and energy use 

efficiency, minimization of land clearing, and 

changes in consumption patterns are likely become 

main factors that reduce emissions intensity. 

 

 

Figure 23. Predicted change in emissions intensity 

for Indonesia (tons/billion Rp) 

 

5. CONCLUSION 

The model presented in this study combines 

system dynamics modeling and spatial dynamics 

modeling. The system dynamics model has 

simulated the interactions between sectors and 

provide projected changes to carrying capacity in 

the future at the national scale in Indonesia. The 

spatial dynamics model allows the results of the 

system dynamics model to be represented spatially 

at the island scale in Indonesia.  

The predicted changes in forest cover, water 

availability, energy, biodiversity, fisheries as well 

as emissions and emissions intensity are used by 

the Government of Indonesia to consider natural 

carrying capacity in decision making and assist 

Indonesia to develop towards a more sustainable 

future. Currently, the carrying capacity model 

using integrated model of system dynamics and 

spatial dynamics has been included in the 

formulation of National Medium-Term 

Development Plan 2020-2024 as development 

constraints. Further, the baseline model will be 

tested in a more advanced simulation and with the 

most update data and information to provide policy 

scenarios for the RPJMN 2020-2024.  
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