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Abstract  –  Ulayat land is traditional West Sumatra 
land frequently subject to competing demands from 
various stakeholders, including government agencies, 
private companies, and local communities. Those 
demands lead to the need to update geospatial data in 
the form of land use modeling for further land 
management purposes. This research used remote 
sensing technology to develop land use and land cover 
models based on cellular automata and socio-economic 
data. This research shows that there will be a 
significant increase in population in 2030, followed by 
changes in residential land use. The land use model 
shows that the use of customary land in most areas is 
not followed by a change in ownership which shows 
that tribe rules are still being followed and maintained 
correctly. 

Keywords  –  Geographic information  systems, land 
use change, remote sensing, Ulayat land. 

1. Introduction

Land use and land cover changes are phenomena 
heavily influenced by human activities that cause 
serious problems that impact the environment, 
society, and economy [1], [4], [12]. 
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Various factors frequently influence land use 
changes, including population growth, urbanization, 
deforestation, and agricultural expansion which 
caused the need for land to increase, especially for 
the fulfillment of human life needs and other 
activities [2], [17], [19].  Human needs were 
exponentially increased while the amount of land 
was still limited, causing the need for land to increase 
[20], [22]. Therefore, understanding the patterns and 
drivers of land use change is critical for long-term 
land use planning and management [3]. Remote 
sensing technology, particularly in large and complex 
areas, has been widely used to monitor land use 
change [8], [13]. There is, however, a research gap in 
the use of remote sensing for the phenomenon of 
land use change, particularly in customary land. 

Land owned and managed according to traditional 
practices and customs is customary land [7], [18]. 
Customary land accounts for a significant proportion 
of land area in many developing countries and 
supports rural livelihoods and cultural practices [11]. 
Ulayat land is a customary land in Sumatera Barat 
that is a piece of land owned by a tribe that the tribe 
itself can only use, cannot be traded, and is also 
governed by the tribe itself. The existence of Ulayat 
land can provide an overview of a tribe that occupies 
an area. In contrast, Ulayat land that has changed 
ownership indicates that a tribe in that area no longer 
exists. Those became changing for local goverment 
where on the one side, there was a need for 
preserving the Ulayat land. On the other hand, the 
Ulayat land is frequently subject to competing 
demands from various stakeholders, including 
government agencies, private companies, and local 
communities [24]. 

The use of remote sensing technology for land use 
change analysis in Ulayat land is still limited. Those 
limitations were partly due to the challenges of 
working with Ulayat land, which often lacks formal 
land tenure and management systems, making it 
difficult to access and collect reliable data [21].  
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Additionally, the application of remote sensing 
technology requires technical expertise and resources 
[9] that may not be available in many customary land 
geospatial databases. Remote sensing technology has 
several advantages over traditional methods for 
analyzing land use change, especially in Customary 
land. Remote sensing enables collecting land use and 
land cover data over large areas at regular intervals 
[14]. This information can then be used to identify 
and track changes in land use and a model and 
predict future changes [9]. Remote sensing also 
integrates biophysical and socio-economic data, 
resulting in a complete understanding of the drivers 
and consequences of land use change [5]. 

Cellular automata (CA) have gained popularity 
recently as a tool for modelling land use change due 
to their ability to represent complex systems with 
simple rules [6]. The application of CA in land use 
modelling involves dividing the study area into cells 
or pixels and assigning land use categories to each 
cell. The cells then evolve based on transition rules 
determined by proximity to other land use types, 
accessibility, and socio-economic variables. Several 
studies have used CA to model land use change at 
different spatial and temporal scales, ranging from 
urban growth prediction to landscape pattern analysis 
[25]. Some studies have also incorporated machine 
learning techniques to improve the accuracy of CA-
based models [23]. However, the use of CA-based 
models for mapping Ulayat land is still limited. It can 
be developed to solve stakeholder and government 
problems in managing Ulayat land. Therefore, further 
research is needed to address the critical importance 
 

of customary land in supporting rural livelihoods and 
cultural practices, and methods for monitoring and 
managing land use change in these areas are critical. 
By providing a systematic and objective approach to 
land use change analysis, remote sensing technology 
provides a powerful tool for achieving this goal. We 
can develop more effective land management 
policies that promote sustainable development and 
equitable outcomes for all stakeholders if we 
improve our understanding of the patterns and 
drivers of land use change in customary land. 

 
2. Methodology 

 
Land use change modeling on Ulayat land is 

carried out with remote sensing technology using the 
cellular automata method and analysis of population 
projections. 

 
a. Materials 

This study uses remote sensing data, specifically 
medium-resolution imagery obtained from the 
Landsat satellite, to help determine future models of 
land use change and cover. The Landsat image's 
coverage area includes the Tilatang Kamang sub-
district, part of the Agam Regency Region. Landsat 
imagery is obtained temporally, namely in 2010, 
2015, and 2020, as a modeling database because the 
development of land use and land cover models 
requires existing data on changes that have occurred. 
Furthermore, population data is required for future 
population projections. Table 1 contains the detailed 
data information that is required. 

Table 1. Required Data 
 

No Data Data source 
1 landsat 7 imagery in 2010 USGS of 2010 
2 landsat 7 imagery of 2015 USGS of 2015 
3 landsat 8 OLI imagery in 2020 USGS of 2020 
4 Population data for 2015 and 2021 Central Statistics Agency of Tilatang Kamang District in 2016 and 

2021 
 
b. Data Preparation and Analysis 
1) Satellite image processing 

Remote sensing data processing is essential in 
extracting useful information from satellite imagery. 
Landsat imagery used in this research was processed 
to correct geometric and atmospheric distortions. The 
image processing was done using ENVI Software. 
First, the image was corrected using Geometric 
correction to ensure that the data is accurately 
spatially aligned [10]. The process entails detecting 
and correcting distortions caused by changes in the 
position and orientation of the sensor platform, as 
well as terrain and atmospheric effects.  

 

Geometric correction entails selecting a set of 
known geographic coordinates reference points 
known as ground control points (GCPs). The GCPs 
calculate the transformation that will align the image 
data with the desired coordinate system. This process 
was then followed by an atmospheric correction 
necessary to remove the effects of atmospheric 
scattering and absorption on the image data [16]. 
Atmospheric correction is essential for accurately 
interpreting the spectral information in the Landsat 
imagery, particularly for applications such as land 
cover classification and vegetation analysis.  
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Atmospheric correction was done using Fast Line-
of-sight Atmospheric Analysis of Hypercubes 
(FLAASH) methods in ENVI. The corrected image 
can now be used for further analysis, specifically the 
land use and cover classification. This process begins 
with the selection of a set of training samples that 
represent the land use classes of interest, which 
include forests, dry land agriculture, mixed 
plantations, paddy fields, built up area, shrubs, open 
land, and bodies of water. These training samples are 
chosen based on field data or existing maps, and they 
should reflect the variability within each class. After 
collecting training samples, the next step is to train a 
classification algorithm. Maximum Likelihood was 
the algorithm used. These algorithms use the training 
samples to create statistical models that describe the 
spectral characteristics of each land use class. The 
algorithm then applies these models to the entire 
image to assign a land use class to each pixel. 

 
2) Population projection 

Population projections are needed in the analysis to 
produce information about the variables that 
determine the land use of space. Population 
projections are carried out by temporarily processing 
population data for 2016 and 2021 sourced from the 
central statistics agency. Data is processed using the 
following formula: 

 
Pt= P0(1+ r)t   (1) 

 

𝑟 =  � 𝑃𝑡
𝑃0
�
1
𝑖            (2) 

 
where in: 
Pt = number of inhabitants year t 
P0 = number of inhabitants of the base year 
r = population growth rate 
t = time period of the base year of the year t (in 
years) 
 
3) Cellular automata land use modelling 

Data analysis techniques to determine future land 
use and land cover changes are the Markov Chain 
Cellular Automata method.  

 

The Markov Chain Cellular Automata method uses 
a transition matrix to determine the magnitude of 
future change based on spatial relationships and the 
probability of change [15]. The transition 
probabilities are derived from historical land use and 
land cover over observed time. The assumption built 
into this formulation is a future change in land use 
and land cover of Xt + 1 at that time (t + 1) 
depending on current conditions expressed by Xt. To 
determine the matrix of the probability of land use 
change and land cover used, the equation as follows; 

Xt + 1 = Xt x P   (3) 
 
Where P is a matrix containing m x m pixels, e.g., 
the number of land use change classes and land cover 
P between a pair of land use change classes and land 
cover i and j, which can be formulated as follows; 
 

‖𝑃𝑖𝑗‖ = �
𝑝1,1 𝑝1,2 𝑝1,𝑛
𝑝2,1 𝑝2,2 𝑝2,𝑛
𝑝3,1 𝑝3,2 𝑝3,𝑛

�    (4) 

 
where: 0 ≤ P ij ≤ 1 
 
 
3. Result and Discussion 

 
The results showed that Tilatang Kamang 

Subdistrict consists of three villages: Gadut, Koto 
Tangah and Kapau. The total population in 2015 in 
Gadut was 16.131 people; in Kapau, it was 3.072 
people, and in Koto Tangah, it was 16.854 people. In 
2020 the number of inhabitants in this area has 
increased, especially in Koto Tangah village, with a 
population of 18.531 people, followed by Gadut 
village, with a population of 16.718, and Kapau 
village, with a population of 3.394 people. This 
population is projected to increase significantly by 
2030. The total population in Koto Tangah by 2030 
is projected to be 27.055, Gadut village is projected 
to have a population of 24.408, and Kapau village is 
projected to have a population of 4.955. This increase 
in population will have an impact on changes in land 
use and land cover. More details can be seen in Table 
2 show a change in population from 2015, 2020, 
2025, and 2030. The increase in population in this 
area can be seen in Figure 1 below. 

 
Table 2. Number and Population Projection of Tilatang Kamang District 

 

No Village Year 
2015 2020 2025 2030 

1 Gadut 16.131 16.718 19.856 24.408 
2 Kapau  3.072 3.394 4.031 4.955 
3 Koto Tangah 16.854 18.531 22.009 27.055 

Total 36.057 38.644 47.921 58.448 
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Figure 1. Population in 2015 and 2020 and the projected population in 2025 and 2030 
 
Figure 2 above shows an increase in population in 

the study area. The total population in 2015 in the 
research area amounted to 36.057 people, in 2020, 
the number of residents in this area increased with a 
population of 38.643 people, while in 2025, the 
number of residents in this area is projected to be 
42.665 people, and in 2030 the number of residents 
in the research area will continue to increase, 
amounting to 47.106 people. The increase in the 
number of people in this area is primarily due to 
migration and a high birth rate.  

Koto Tangah village and Kapau village own 
Ulayat land that is regulated based on the tribes that 
occupy this area. Land use is regulated based on 
customary law, especially for children and nieces. 
Gadut village has ulayat land that is not so strict in 
land use that Gadut village has more migrants buying 
land in this area, while in Koto Tangah village and 
Kapau village, there is no change in land ownership. 
More details can be seen in Figure 2 and Figure 3 
below; 
 

 

 

Figure 2. Land use and land cover change model from 2015 to 2030 
 

 
 

Figure 3. Graph of land use change and land cover from 2015 to 2030 
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Figure 3 depicts how the built-up area has 
increased significantly, from 1,193 ha in 2015 to 
1,289.59 ha and 1,399.46 ha in 2030. The area of 
residential areas is predicted to increase in 2030 due 
to an increase in population which directly impacts 
the increasing demand for land for housing. This 
condition is linked to a decrease in forest land use of 
20.32 ha from 2015-2020 and an expected decrease 
of 30 ha by 2030. Additionally, mixed orchards are 
projected to decrease by 100 ha in 2030, followed by 
a decrease of 131 ha in paddy fields. The trend of 
changes in customary land use is influenced by 
internal land use by local tribes, especially in Kapau 

 

and Koto Tangah villages. Changes in land 
ownership did not occur in this area, so land use 
changes were still entirely under control. However, 
this did not happen in Gadut Village, where land-use 
changes occurred out of control and was followed by 
land ownership changes. This condition is caused by 
the geographical position of Gadut Village, which 
borders the city of Bukittinggi, as an urban area with 
a very high need for residential land due to an 
increase in population, even though space availability 
is minimal. The ratio between land use and the 
predicted population from 2020 to 2030 can be seen 
in Figure 4 below; 

 

 
Figure 4. Comparison of land use area and population prediction 

 
Figure 4 above shows that in Gadut village in 

2020, the comparison of land use area for built up 
area with a population of 0.029 ha, in 2025, will 
decrease by 0,028ha, and in 2030 it will decrease to 
0,026 ha. The use of paddy fields has a comparison 
between land area and the prediction of population. 
The paddy field and population ratio was 0,029ha in 
2020, then predicted to decrease to 0,028 ha in 2025 
and 0,026 in 2030. The ratio data shows that in Gadut 
village, from 2025 to 2030, residential or built-up 
land use has increased while paddy rice farmland has 
decreased. A change follows the land use 
development in Gadut village in ownership, where 
the Ulayat land rules that are not so strict in the 
village caused the land to be still traded to the village 
community. 

In contrast, Koto Tangah village and Kapau have 
strict rules for the use of Ulayat land so that is not 
sold to migrant communities to people who are in the 
village who have tribal differences. In Koto Tangah, 
the ratio of built-up land to population was 
0.039ha/people in 2020, 0.037ha/people in 2025, and 
0.035 ha/people in 2030. The ratio of paddy fields 
with a projected population in 2020 was 0.014  
ha/people, which is predicted to decrease to 
0.011ha/people by 2025 and further to 0.009 
ha/people by 2030.  

This shows that the increasing population in this 
area has led to a reduction in paddy fields. Land 
conversion in the village generally occurs a lot of 
conversion of paddy fields into built up area. Kapau 
village has a comparison between the land use area 
and the predicted population for built-up land in 2020 
of 0.022 ha. In 2025, it is predicted to be 0,021ha, 
and in 2030 it is predicted to be 0,020ha. Paddy 
fields have the smallest comparison, where in 2020 it 
will be 0,008 ha, in 2025 it is predicted to be 
0,006ha, and in 2030 it is predicted to be 0,005ha.  
The increasing population in Kapau from 2025 to 
2030 has led to a reduction in paddy fields. If not 
quickly anticipated, this can reduce rice yields in 
Kapau village, where rice that has been processed 
into rice is a staple food in this area. There need to be 
regulations governing the use of Ulayat land in the 
village, especially for built-up land. If left 
unchecked, it will cause a lack of rice yield in this 
area which, in the end, this area must bring rice from 
other regions to meet the basic needs of the people of 
this village Kapau. 
 
4. Conclusion 

 
An area's population increase can cause land use 

and land cover changes. Uncontrolled land use 
change can cause environmental damage.  
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The study examined land use changes and 
projected population growth in Kapau village from 
2025 to 2030. The ratio of land use changes and the 
projected population in 2025 to 2030 shows that the 
most significant ratio was found in built-up land in 
2020, which is 0,039ha, and the smallest in paddy 
fields, 0,005 ha in Kapau village in 2030. It is noted 
that the Ulayat land owned by a tribe or tribe does 
not limit land use development. However, it regulates 
land use, especially by children and nieces and 
nephews, for the sustainability of the tribe so that 
members of the tribe can only use Ulayat land 
without any change in land ownership. The change of 
ownership only occurs in Gadut village, which is 
land owned by individuals and not ulayat land. These 
findings highlight the need to consider different land 
ownership dynamics and regulations for effective 
land management. By understanding these dynamics, 
Kapau village can balance population growth, land 
use, and environmental conservation for the well-
being of the tribe and its surroundings. 
 
References : 
 

[1]. Alam, A., Bhat, M. S., & Maheen, M. (2020). Using 
Landsat satellite data for assessing the land use and 
land cover change in Kashmir valley. GeoJournal, 
85(6), 1529–1543. Doi: 10.1007/s10708-019-10037-x 

[2]. Alawamy, J. S., Balasundram, S. K., Mohd. Hanif, A. 
H., & Boon Sung, C. T. (2020). Detecting and 
Analyzing Land Use and Land Cover Changes in the 
Region of Al-Jabal Al-Akhdar, Libya Using Time-
Series Landsat Data from 1985 to 2017. 
Sustainability, 12(11), 4490.  
Doi: 10.3390/su12114490 

[3]. Assede, E. S. P., Orou, H., Biaou, S. S. H., 
Geldenhuys, C. J., Ahononga, F. C., & Chirwa, P. W. 
(2023). Understanding Drivers of Land Use and Land 
Cover Change in Africa: A Review. Current 
Landscape Ecology Reports, 8.  
Doi: 10.1007/s40823-023-00087-w 

[4]. Augustinus, B. A., Blum, M., Citterio, S., Gentili, R., 
Helman, D., Nestel, D., Schaffner, U., Müller-
Schärer, H., & Lensky, I. M. (2022). Ground-truthing 
predictions of a demographic model driven by land 
surface temperatures with a weed biocontrol cage 
experiment. Ecological Modelling, 466, 109897.  
Doi: 10.1016/j.ecolmodel.2022.109897 

[5]. Baig, M. F., Mustafa, M. R. U., Baig, I., Takaijudin, 
H. B., & Zeshan, M. T. (2022). Assessment of Land 
Use Land Cover Changes and Future Predictions 
Using CA-ANN Simulation for Selangor, Malaysia. 
Water, 14(3), 402. Doi: 10.3390/w14030402 

[6]. Barredo, J. I., Kasanko, M., McCormick, N., & 
Lavalle, C. (2003). Modelling dynamic spatial 
processes: simulation of urban future scenarios 
through cellular automata. Landscape and Urban 
Planning, 64(3), 145–160.  
Doi: 10.1016/S0169-2046(02)00218-9 

 
 

[7]. Biitir, S. B., & Nara, B. B. (2016). The role of 
Customary Land Secretariats in promoting good local 
land governance in Ghana. Land Use Policy, 50, 528–
536. Doi: 10.1016/j.landusepol.2015.10.024 

[8]. Cepic, M., Bechtold, U., & Wilfing, H. (2022). 
Modelling human influences on biodiversity at a 
global scale – A  human ecology perspective. 
Ecological Modelling, 465, 109854.  
Doi: 10.1016/j.ecolmodel.2021.109854 

[9]. Cobbinah, P. B., Asibey, M. O., & Gyedu-Pensang, 
Y. A. (2020). Urban land use planning in Ghana: 
Navigating complex coalescence of land ownership 
and administration. Land Use Policy, 99, 105054.  
Doi: 10.1016/j.landusepol.2020.105054 

[10]. Devaraj, C., & Shah, C. A. (2014). Automated 
Geometric Correction of Landsat MSS L1G Imagery. 
IEEE Geoscience and Remote Sensing Letters, 11(1), 
347–351. Doi: 10.1109/LGRS.2013.2257677 

[11]. Ellis, F. (2000). Rural livelihoods and diversity in 
developing countries. Oxford University Press. 

[12]. Fabritius, H., Knegt, H. de, & Ovaskainen, O. 
(2021). Effects of a mobile disturbance pattern on 
dynamic patch networks and metapopulation 
persistence. Ecological Modelling, 460, 109738.  
Doi: 10.1016/j.ecolmodel.2021.109738 

[13]. Goetz, S. J. (2006). Remote Sensing Of Riparian 
Buffers: Past Progress And Future Prospects. Journal 
of the American Water Resources Association, 42(1), 
133–143. Doi: 10.1111/j.1752-1688.2006.tb03829.x 

[14]. Gómez, C., White, J. C., & Wulder, M. A. (2016). 
Optical remotely sensed time series data for land 
cover classification: A review. ISPRS Journal of 
Photogrammetry and Remote Sensing, 116, 55–72.  
Doi: 10.1016/j.isprsjprs.2016.03.008 

[15]. Guan, D., Li, H., Inohae, T., Su, W., Nagaie, T., & 
Hokao, K. (2011). Modeling urban land use change 
by the integration of cellular automaton and Markov 
model. Ecological Modelling, 222, 3761–3772.  
Doi: 10.1016/j.ecolmodel.2011.09.009 

[16]. He, H., Tan, W., Qi, W., & Wang, Y. (2018). 
Atmospheric correction for remote sensing image 
based on multi-spectral information. In S. Zhuang, J. 
Chu, & J.-W. Pan (Eds.), Young Scientists Forum 
2017. SPIE. Doi: 10.1117/12.2316290 

[17]. Herrera, H., Schütz, L., Paas, W., Reidsma, P., & 
Kopainsky, B. (2022). Understanding resilience of 
farming systems: Insights from system dynamics 
modelling for an arable farming system in the 
Netherlands. Ecological Modelling, 464, 109848.  
Doi: 10.1016/j.ecolmodel.2021.109848 

[18]. Kalén, C., Andrén, H., Månsson, J., & Sand, H. 
(2022). Using citizen data in a population model to 
estimate population size of moose (Alces alces). 
Ecological Modelling, 471, 110066.  
Doi: 10.1016/j.ecolmodel.2022.110066 

[19]. Li, F. et al. (2020). Towards quantification of 
Holocene anthropogenic land-cover change in 
temperate China: A review in the light of pollen-based 
REVEALS reconstructions of regional plant cover. 
Earth-Science Reviews, 203, 103119.  
Doi: 10.1016/j.earscirev.2020.103119 
 
 



TEM Journal. Volume 12, Issue 3, pages 1559-1565, ISSN 2217-8309, DOI: 10.18421/TEM123-37, August 2023. 

TEM Journal – Volume 12 / Number  3 / 2023.                                                                                                                        1565 

[20]. Marull, J., Padró, R., Cirera, J., Giocoli, A., Pons, 
M., & Tello, E. (2021). A socioecological integrated 
analysis of the Barcelona metropolitan agricultural 
landscapes. Ecosystem Services, 51, 101350.  
Doi: 10.1016/j.ecoser.2021.101350 

[21]. Mertens, B., Sunderlin, W. D., Ndoye, O., & 
Lambin, E. F. (2000). Impact of Macroeconomic 
Change on Deforestation in South Cameroon: 
Integration of Household Survey and Remotely-
Sensed Data. World Development, 28(6), 983–999.  
Doi: 10.1016/S0305-750X(00)00007-3 

[22]. Nilsson, L., Bunnefeld, N., Minderman, J., & Duthie, 
A. B. (2021). Effects of stakeholder empowerment on 
crane population and agricultural production. 
Ecological Modelling, 440, 109396.  
Doi: 10.1016/j.ecolmodel.2020.109396 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

[23]. Okwuashi, O., & Ndehedehe, C. E. (2021). 
Integrating machine learning with Markov chain and 
cellular automata models for modelling urban land use 
change. Remote Sensing Applications: Society and 
Environment, 21, 100461.  
Doi: 10.1016/j.rsase.2020.100461 

[24]. Rodgers, C. P., Straughton, E., Winchester, A. J. L., 
& Pierachini Margherita. (2012). Contested Common 
Land. Routledge. Doi: 10.4324/9781849775632 

[25]. Santé, I., García, A. M., Miranda, D., & Crecente, R. 
(2010). Cellular automata models for the simulation 
of real-world urban processes: A review and analysis. 
Landscape and Urban Planning, 96(2), 108–122.  
Doi: 10.1016/j.landurbplan.2010.03.001 

 


